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ABSTRACT
MARKOV CHAIN MODELING OF ECG-GATED LIVE LEFT
ATRIAL FLUOROSCOPY VARIABILITY TO ESTABLISH
A WELL-DEFINED BASIS FOR RIGID
REGISTRATION TO A
3D CT IMAGE.

Shivani Ratnakumar, B.A., M.S.

Marquette University, 2008

Real-time 2-dimensional X-ray to acquired 3-dimensional computed tomog-
raphy (CT) image registration is currently of interest for improving visualization in
the fluoroscopy guided catheter ablation treatment of atrial fibrillation. An impor-
tant feature of this registration is 3d pose estimation of the left atrium from the 2d
fluoroscopy image prior to registration. Computational complexity constraints on this
real-time application limit registration to rigid methods. Aimed at satisfying the rigid-
ity assumption, ECG gating is employed to acquire images at fixed phases of the car-
diac cycle to circumvent the otherwise continuous elastic deformations of the cardiac
chamber. Observations of the ECG gated fluoroscopy sequences, however, yield dy-
namic variability in the location of registration landmark features across the image se-
quences. There is currently no protocol for identifying which gated fluoroscopy frame
to use in the rigid registration to the CT image. As such, the registration process is
not sufficiently well-defined to address the issue of 3d pose estimation. A standard
protocol for establishing a well-defined registration representative from the fluoroscopy
images is therefore desired. This thesis presents a novel Markov chain method as such
a protocol. In this method, patient specific Markov chains are identified from patient
data. Empirical transition matrices and the associated unique limit distributions are
defined and used to identify a set of registration points. The method was tested on
sequences of patient ECG gated left atrial fluoroscopes. A notion of optimality in a
set of representative registration points is defined and optimality measures designed to

quantify these components were computed and compared to points identified by two



control methods. The results indicated that the MC identified representative points
converged rapidly to a stable set once a threshold level of input sequence length was
reached. Comparison with the control methods indicated that the MC method was an
improvement in each of the optimality measures over the existing random approach.
Additionally, the MC method showed optimal stability over the other methods with
respect to longer data sequences. This has positive implications for the ablation pro-
cedure that follows registration. The well-defined registration representatives form

a rigid basis for addressing the challenge of 3d pose estimation from the fluoroscopy

images. This is discussed in the context of ongoing and future work.



ACKNOWLEDGMENTS

Shivani Ratnakumar, B.A., M.S.

This dissertation has my name on it, but would not be here if not the many people
standing with me in support. Everyone I know has helped shape this work, whether
they realize it or not. It is my pleasure to express my gratitude here, while acknowl-
edging that any such attempt will result in a partial list at best.

First and foremost, I would like to thank my dissertation advisor, Dr. Stephen
Merrill. On both a professional and personal level, Dr. Merrill has been a constant
source of inspiration, advice and support. It was through our many conversations that
I realized that, more than an academic exercise, the PhD process is a trial of personal
realization. I have learned so much about myself both personally and professionally,
and for this I will always be grateful. It has been a pleasure and privilege working
with you, Dr. Merrill.

To Dr. Jasbir Sra, of Heart Care Associates, I owe a huge debt of gratitude
for introducing me to the world of cardiac arrhythmia and electrophysiology. I can-
not express how appreciative I am to have had the opportunity to work with you so
closely on this exciting new project. Thank you for your generosity with your time
and knowledge and for being supportive of my research over the last three years. My
thanks also go to Dave Krum, also of Heart Care Associates, who has been exception-
ally helpful on the clinical side.

My dissertation committee has been incredibly cooperative throughout my re-
search and dissertation writing process. I would like to thank, in addition to Drs.
Merrill and Sra, Dr. Ruta Bajorunaite, Dr. Anne Clough and Dr. Taly Schmidt of
Marquette University for their attention, input and feedback into my research. I am
also thankful to the Marquette University Graduate School and the MSCS Depart-

ment for their financial and administrative support of my research.



ii

I am grateful to the MSCS faculty and administration for supporting my gradu-
ate work at Marquette. Many conversations with faculty and staff have helped shape
my dissertation and teaching style. The list here would too long to name everyone,
but my progress would not have been possible without this support. I would like to
specifically thank Mary Utzerath who I had the pleasure of TA-ing for on more than
one occasion. Thank you Mary for being so accommodating of my dissertation work,
particularly during the final stages of writing when it really did make all the difference
to me.

To my graduate student peers over the years, thank you for providing a posi-
tive work environment and for the many work breaks. I am deeply appreciative of
every single relationship over the years. I would like to particularly thank Alicia, Bala,
Brian, Devin, Justin, Ranga and Zac for much needed company and work relief in
these last two high-stress years. Special thanks go to Karl Stamm and Vasant Marur
for their patient help with computer issues. You are both brilliant.

To all of my friends, near and far, I would not have been able to enjoy my work
as much as I have had it not been for all of you. Thank you for being there for me
through the ups an downs of these last few years. I am tempted to name everyone
here, but that might lead to another substantial chapter in this thesis. I do how-
ever have to name Hashini, Liz, Zoe, David, Zach, Marie and Savi. Your support and
friendship have been integral in my completion of this thesis.

None of this work would have been possible without the unwavering support of
family. My parents Radha and Kumar have patiently waited for this time, supporting
me as best as possible from a distance. I am deeply grateful for your faith in me.
Thank you for helping me be the person that I am today. My brother, Kajan, who
has always been in my corner, has been a valuable sounding board over the years.

I am very appreciative of all of your visits, conversations and great taste in music.
Special thanks go to Kathy Kohut and Julie Dohr for their generous spirits and for
welcoming me into their homes and family. You have been my family away from home
and I will always be grateful for this. Last but certainly not least, I would like to

thank Josh Kohut, my best friend and staunch supporter for so many years. You have



always been there for me, and there really aren’t enough words for me to thank you
with. You continue to be an inspiration to me and I am fortunate to have you in my
life.

Thank you all so much.

Shivani Ratnakumar

iii



Contents

ACKNOWLEDGMENTS . . .t o vt vttt e e et e et e e e e e e i
LIST OF ABBREVIATIONS . .« v v v v o e e i e e e e e e e e e X
LIST OF TABLES . . . . . . . . o it e e e e e xi
LIST OF FIGURES . . . . . . . . . . e i b e xii

1 INTRODUCTION 1
1.1 Overview of Problem . . . . . . . ... ... oo 1
1.2 Present Status of Problem . . . . . . ... ... o000 3
1.3 Thesis Statement . . . . . . ..o 9
1.4 Outline of Thesis . . . . « . .. .. 10

2 MEDICAL BACKGROUND 13
2.1 Atrial Fibrillation Overview . . . . . . .. . ... ... .. ... ..... 13
2.1.1 Symptoms and Diagnosis of AF . . . . . ... ... ... ... .. 14

2.1.2 Theoretical Basis . . . . . . .. ... L Lo 14

2.1.3 Categories . . . . . . . .. 15

2.2 Treatment Options and Trends . . . . . . . . ... ... ... ...... 17
2.2.1 Ablation for Rhythm Control . . . . . . .. ... .. ... .... 18

2.2.2  Catheter Ablation . . . . .. ... ... ... ... ... ... . 19

2.3 Ablation Accuracy . . . . . .. L 20

3 IMAGE REGISTRATION BACKGROUND 22
3.1 Medical Image Registration Overview . . . . .. ... .. ... ..... 22
3.2 Mathematical Formulation . . . . .. .. .. ... ... ... ... 24

iv



3.2.1 Transformation Types . . . . . . . . .. .. ... ... 24
3.2.2 Transformation Computation . . . . . . . ... .. ... ..... 27
3.2.3 Singular Value Decomposition . . . . .. .. ... ... ... ... 28
3.3 3d-2d Registration . . . . . ... . oo 31
3.3.1 Overview . . . . ... 31
3.3.2 Acquired CT to Dynamic X-ray . . . . . . ... .. ... ..... 32
3.3.3 Pose Estimation . . .. ... ... ... . 0. 33
3.4 Registration Validation. . . . . . .. ... ... 0oL 33
3.4.1 Measuring Accuracy . . . . . . ... 35
3.4.2 Indirect Measures of Alignment . . . . . . . ... ... ... ... 35
3.4.3 Estimating Accuracy . . . . . . ... L oo 36
344 Gold Standards . . . . . ... Lo 37
3.5 Sources of Error . . . . . ... 39
3.5.1 Error Sources in 3d to 2d Registration . . . . . . ... ... ... 40
3.6 Validation Strategies . . . . . . . .. . L oo 41
CARDIAC IMAGE REGISTRATION 44
4.1 Cardiac Image Registration . . . . . . ... ... ... ... ... 44
4.1.1 ECG-Gated Imaging . . . .. .. ... ... ... ... ... 44
4.1.2 Registration Methods and Modalities . . . . . . . . .. ... ... 45
4.2 Registration for AF Ablation Treatment . . . . . . ... ... ... ... 46
4.2.1 Anatomical Mapping Systems . . . . . . ... ... 47
4.2.2 X-ray Fluoroscopy . . . . . . .. .. .. 48
4.3 Accuracy in 3d to 2d LA Registration . . . . ... ... ... ... ... 49
4.3.1 Gating in CT Acquisition . . . . . .. ... ... ... .. .... 50
4.3.2 Patient Orientation . . . . . . . ... .. .. .. L L. 50
4.3.3 Respiration . . . . .. ... 51
4.3.4 Cardiac Cycle . . . . . .. . . 51
4.4 Validation . . . . .. .. L 52

4.4.1 Current Strategies and Limitations . . . . . . . . ... ... ... 52



4.4.2 Future Directions . . . . . . . . . . . . ... o

5 CLINICAL SETTING AND MATHEMATICAL ABSTRACTION

5.1 Clinical Setting . . . . . . . . . . .
5.1.1 Application Overview . . . . . . . . . ... ...
5.1.2 3d Computed Tomography Acquisition . . . . . . . ... ... ..
5.1.3 2d X-ray Fluoroscopy Acquisition . . . . . . .. .. .. ... ...
514 ECG-Gating . . . . . . . ..
5.1.5 Image Registration Overview . . . . ... ... ... ... ....

5.2 Clinical Challenges . . . . . . . . .. ... o

5.3 Variability in ECG-Gated Fluoroscopy Images . . . . . . ... ... ...
5.3.1 Rossler Attractor . . . . . . ... oL
5.3.2 Analogue to ECG-Gated Dynamics . . . . . .. ... .. ... ..

5.4 Mathematical Abstraction . . . . .. .. ... L L.
5.4.1 Point Set Representation of Images . . . . . . . .. .. ... ...
5.4.2 Terminology and Notation . . . . . . . .. ... ... .. .....
5.4.3 Dynamic Features of ECG-Gated Points . . . . . . ... .. ...
5.4.4 Point Based Registration . . .. .. ... ... ... .......
5.4.5 3d Orientation . . . . . . .. ... ...

5.5 Datasets . . . . . oL
5.5.1 Fluoroscopy Images . . . .. . ... ... ... ... ... ....
5.5.2 CT Volumes . . . ... ... . .. .. .

5.6 Summary . . ... .o e e e

MARKOV CHAIN APPROACH TO IDENTIFYING REGISTRATION POINTS

6.1 Motivation . . . . .. Lo
6.1.1 Useful Features of Representative Points . . . . . . ... ... ..
6.2 Markov Process . . . . . . . ..o
6.3 Transition Matrices . . . . . . . . ... oo
6.4 Selected Properties of Markov Chains . . . . .. ... ... .......
6.4.1 First Return . . . . . . . . . .o

vi

93

54
95
95
56
56
o6
60
60
61
62
64
66
68
68
71
71
76
76
76
79
79



vii

6.4.2 Communicating Class . . . . .. .. .. .. ... ... ...... 84
6.4.3 TIrreducible . . . . .. ..o 85
6.4.4 Transient and Ergodic States . . . . .. .. .. .. ... ... .. 85
6.4.5 Limiting Distributions . . . . . . .. .. ... o0 L. 85
6.5 Appropriateness of a Markov Approach . . . .. ... .. ... ..... 86
6.5.1 ECG-Gated Sequences as a Markov Process . . . . . . ... ... 86
6.5.2 Limitations of Other Approaches . . . . . . .. .. ... ... .. 87
6.6 SUMMATY . . . . . oo e 88

MARKOV METHOD OF IDENTIFYING REPRESENTATIVE REGISTRATION POINTS 89

7.1 Gated Image Sequences as Markov Chains . . .. . . .. ... ... ... 90
7.1.1 Defining States . . . . . . . ..o oL 91
7.1.2 Division of Cloud Spaces C; . . . . . . . . ... ... ... .... 92
7.1.3 The Markov Chains . . . . . . ... . ... ... ... ..... 95

7.2 Empirical Transition Matrices . . . . . . . .. .. ... 0L 98

7.3 Limiting Distributions . . . .. . .. . ... 00000 100

7.4 Identification of Representative Registration Points . . . . . . . ... .. 102
7.4.1  Association of 2d Point to Limiting Distribution . . . ... . .. 102

7.5 Limiting Distributions and Order of Conditioning in 772-[*’*} S 104
7.5.1 Alternative Order of Conditioning . . . . . ... ... ... ... 104
7.5.2 Empirical Findings . . . . . . . .. ... o000 105
7.5.3 TImpact of Orderon Z; and T/ . . . . . . . ... .. .. ... ... 107
7.5.4 Choiceof Order. . . . . . . . . ... o 112

7.6 SUmMmary . . . ... e e e e e 112

EVALUATION OF MARKOV CHAIN METHOD 114

8.1 Patient Data . . . . . . . . .. 116

8.2 Method . . . . . . . 116
8.2.1 Measures . . . . .. ..o 116
8.2.2 Comparison Approaches . . . . . . ... .. ... ... 118

8.2.3 MATLAB Experiments . . . .. ... ... ... ......... 119



viii

83 Results. . . . . . . o 123
8.4 Analysisof Results . . . . . ... ... L 123
8.4.1 Conclusions . . . . . . .. .. L 130
8.4.2 Threshold Sequence Length . . . . . .. ... ... ... ... .. 131
8.5 SUMMATY . . . . o v oo e e e 135
CONCLUSIONS 137
9.1 Discussion . . . . . . ..o 137
9.1.1 Time Costs . . . . . . o . 139
9.1.2 Limitations . . . . . . . .. e 140
9.1.3 Failure of the MC Method . . . . . . . .. .. ... ... ..... 142
9.2 Proposed Algorithm . . . . . .. .. ... 143
9.2.1 Proposed Algorithm . . . ... ... ... ... 144
9.2.2 Choiceof €’sand d’s . . . .. . ... 145
9.3 Summary and Implications for Registration . . . . . ... .. ... ... 146
BIBLIOGRAPHY . . . . . i i i e i e e e e e e 149
Supplementary Information 161
A.1 Singular Value Decomposition . . . . . . . .. ... .. ... .. ... 161
A.2 Definition of Poincaré Map . . . . . . .. ... ... ... ... 161
A.3 Order of Conditioning - Empirical findings . . . . . . ... ... ... .. 162
Data 164
B.1 Criteria for Patient Data . . . . . . . . ... .. ... ... ... ... 164
B.2 Datasets . . . . . . .. 164
B.3 MATLAB Function Files . . . . . . . . .. . ... ... ... ... .... 165
Experimental Results for Four Patient Datasets 166
C.1 Measure O; for Different Sequence Lengths . . . . . ... ... ... .. 167
C.11 Mean O7 . . . . . . e 167
C.1.2 Standard Deviation O7 . . . . . . . . .. ... ... ... ... 169

C.2 Measure O for Different Sequence Lengths . . . . .. .. ... .. ... 171



C.3 Measure Os for Different Sequence Lengths . . . . . .. ... ... ...
C3.1 Mean O3 . . . . . . . i e e
C.3.2 Standard Deviation O3 . . . . . . . . .. ... ... . ......

D Future Work
D.1 3d Pose Estimation

D.1.1 Assumptions

D.1.2 Simulation Strategy . . . ... ... ... L.

D.2 Estimation of Target Registration Error . . . . . . ... ... ... ...

X



List of Abbreviations

1. 2d = 2 dimensional

2. 3d = 3 dimensional

3. AF = Atrial Fibrillation

4. CS = Coronary Sinus

5. CT = Computed Tomography

6. ECG = Electrocardiogram

7. FLE = Fiducial Localization Error
8. FRE = Fiducial Registration Error
9. LA = Left Atrium
10. MC = Markov Chain
11. PV = Pulmonary Vein
12. PVR = Pulmonary Venous Region
13. RSS = Residual Sum of Squares
14. SVD = Singular Value Decomposition

15. TRE = Target Registration Error



List of Tables

7.1

7.2

7.3

7.4

8.1
8.2

8.3

8.4

8.5

8.6

8.7

B.1
B.2

Dataset I: Comparison of points identified by computing 7; vs 7; in the
Markov chain method of identifying representative registration points.
Data sequence length = 41. . . . . . .. ... ... ... ... ...
Dataset II: Comparison of points identified by computing 7; vs 7; in
the Markov chain method of identifying representative registration
points. Data sequence length =25. . . . . . . ... ... ... ... ...
Dataset III: Comparison of points identified by computing 7; vs 7.
in the Markov chain method of identifying representative registration
points. Data sequence length =11. . . . .. ... .. ... ... ... ..
Dataset IV: Comparison of points identified by computing 7; vs 7

in the Markov chain method of identifying representative registration
points. Data sequence length =19. . . . . . ... .. ... ... ... ..

O measures for Full Datasets . . . . . . . . . . ... ... ... .....
Dataset I: Results for mean and standard deviation (pixels) for O; for
selected subsequence lengths, i, across MC, A and B methods. (Seq.
length of Dataset I =41) . . . . ... ... ... ... .. ........
Dataset I: Results for O, (in pixels) for selected subsequence lengths, 4,
across MC, A and B methods. (Seq. length of Dataset I =41) . . . ..
Dataset I: Results for mean and standard deviation (pixels) for Os for
selected subsequence lengths, i, across MC, A and B methods. (Seq.
length of Dataset I =41) . .. ... ... ... ... .. ........
Dataset II: Results for O, Oy and O3 (in pixels) for selected subse-
quence lengths, 7, using MC, A and B methods. (Seq. length of Dataset
IT=25) . .
Dataset III: Results for O, Oy and Os (in pixels) for selected subse-
quence lengths, 7, using MC, A and B methods. (Seq. length of Dataset
IIT = 11) . oo
Dataset IV: Results for O1, O and O3 (in pixels) for selected subse-
quence lengths, 7, using MC, A and B methods. (Seq. length of Dataset
IV =18) . . o o o

Table of Datasets used in Thesis . . . . . . . . . . . .. .. .. .....
Table of Matlab M-files used in Thesis . . . . . . . .. .. ... .....

xi



List of Figures

2.1 Ilustration of the cycling between normal sinus rhythm and atrial fib-
rillation caused by an abnormal electrical impulse around the PV re-
gion. Posterior view of cardiac chamber. (See footnote 2.) . . . . . . .. 16

3.1 Illustration of ray casting throu%h 3d image volume to obtain digitally

reconstructed radiograph. R 42

3.2 Tllustration of pose estimation using ray casting.[102][103] ........ 43
5.1 Typical fluoroscopy image of the upper thoracic region containing the

cardiac chamber. The left atrium is indiscernible withing this image,

except for the catheter lying within the SVC and CS surrounding the

left atrium. . . . . . . Lo o7
5.2 Posterior rendering from CT volume data of the left atrium depicting

pulmonary veins (PVs). . . .. ... ... oo o 57
5.3 Image of rendered, segmented CT volume; isolated SVC and CS vessels

for registration with fluoroscopy image. . . . . . . ... ... ... 58
5.4 Image of GE Lightspeed Ultra CT scanner. . . .. . ... ... ..... 58
5.5 Image of GE Innova 2000 Digital X-ray machine. . . . . . .. ... ... 59

5.6 ECG signal feed that accompanies fluoroscopy acquisition. Green ar-
rows indicate ECG-gated time points where gated fluoroscopy frames

are identified. . . . . . .. oL Lo 59
5.7 Three layered sequential ECG-gated fluoroscopy frames showing vari-

ability in SVC-CS catheter locations across ECG-gated points. . . . . . 63
5.8 Chaotic trajectory obtained by solving the Rossler equations using

Runge-Kutta. Parameter values: a =b=0.2, ¢=6.3. .. ... ..... 63

5.9 Chaotic trajectory obtained by solving the Rossler equations modified
by additive stochastic noise. Solution obtained using Euler method.

Rossler parameter values: a =0=0.2,¢=63. .. ... ......... 65
5.10 Points (in red) identified by analogue of ECG-gating applied to modi-

fied Rossler trajectory. . . . . . . .. Lo 65
5.11 Points (in red) identified by intersection of Rossler trajectory with hori-

zontal transversal z = 20, analogous to Poincaré map. . . ... .. ... 67
5.12 Scatter cloud of points that result when ECG-gating is mimicked on 3d

flow lines and observed in 2d projected fluoroscopy space. . . . . . . .. 67

5.13 Layered fluoroscopy images as seen in Figure 5.7. Here, the SVC-CS
catheter is represented by P;, P, and Ps (red, blue and green dots re-
spectively). Variability across ECG-gates is depicted by the variability
in locations of P;, Poand P3. . . . . . . . . . ... ... ... ... ... 69

xii



5.14

5.15

5.16

5.17

5.18

5.19

5.20

7.1
7.2
7.3
7.4
7.5
7.6
7.7

7.8

7.9

7.10

8.1

Image of segmented CT rendering with representative point set marked:
CT) =red, CI5 =blue and CTy =green. . . . . . .. ... ... ....
Illustration of point cloud spaces C;, Co and Cg. . . . . . ... .. ...
xyz—coordinate axes used to represent patient and fluoroscopy coordi-

nate space: LR x IS x AP. Compare to Figures 5.4 and 5.5 of the CT

and X-ray scanners used in the clinic. . . .. ... ... ... 0.,
HNlustration: 3d CT triple (CTy, CTy,CTs) and its parallel projection to
the 2d triple (CT P, CTP,,CTPs) on the plane z = —60. . . ... ...

Interpreting fluoroscopy data as sequences of point triples. Scatter clouds

show point loci across fluoroscopy sequence for points 1, 2 and 3. Each
fluoroscopy frame is associated with a triangle and corresponding point
triple composed of the triangle vertices. . . . . ... ... ... ... ..
Plots depicting sequential behavior of points within a single C; with
sequential data points being connected. Top row: sequential dynamics
of P in two datasets; Bottom row: sequential dynamics of P» in the
same two datasets. . . . . .. .. L L L L
Depiction of registration process: (a) Projected CT points (red) to be
registered to fluoroscopy points (blue). (b) Centroids of triangles rep-
resenting the rendered CT and fluoroscopy are aligned (translation).

(c) Isotropic scaling of CT based on area of triangles. (d) Rotation of
scaled CT to align registration points (triangle vertices). . . . ... ..

Division of spaces C7, C and ('3 into four states. . . . . . ... ... ..
Locations of P, at ECG-gated intervals derived from 4 patient fluo-
roscopy image sequences. Linear patterns characterize the distribution
of point locations in each dataset. . . . . . . . . ... ... ... ... ..
Illustration of centroid of Cloud 1, C7, and lines with slopes m and
ma, slopes of linear regression line and perpendicular. . . . . . ... ..
Illustration of unit vectors ¥3 and ¥s. . . . . . . . . . . ... ... ...
Illustration of 7 and sy defined from ¢ and ¥. . . . . . . .. ... ..
Illustration state divisions derived from vectors u; and ue and assign-
ment of fours states to divided space. . . . . . . . ... ...
Ilustration geometrically identical space divisions in Cy and C3, based
on space division in Cy. . . . .. .. L Lo
Figure depicts the ordered derivation of 77 as a product of intermedi-
ate conditional probability matrices. Note that one-step transitionary
information is provided by P{MH.
Mlustration of application of Minkowski’s result to identifying a 2d coor-
dinate point in fluoroscopy image space. . . . . . . . . .. ... ... ..
Figure depicts the ordered derivation of 77 as a product of intermedi-
ate conditional probability matrices. The change in the order of con-
ditioning in the component conditional probability matrices results in
the one-step transitionary information being now provided by P{Q’lﬂ.
Compare this to Figure 7.8. . . . . . ... .. ..o

Results of MC, A and B methods of point identification for Datasets
[-IV. Axes are the zy-axes of representing fluoroscopy image space. . . .

xiii

69
72

73

74

74

75

77

94

94
96
96
96
97

97

109

120



8.2

8.3

8.4

8.5

9.1

D.1

D.2

D.3

D4

D.5

D.6

D.7

D.8
D.9

Measures O; (column (a)), Oy (column (b)) and O3z (column (b)) for
results obtained across MC, A and B methods, with different sequence
lengths derived from the four datasets. The x-axes are sequence lengths
and the y-axes are in pixels. . . . . . . . ... L Lo
Variance in O; (column (a)) and Os (column (b)) for different sequence
lengths across MC, A and B methods. The z-axes are sequence lengths
and the y-axes are in pixels. . . . . . . .. .. ... L.
Trends in the limiting distribution of a randomly generated four-state
system when the sequence length used to generate the limiting distribu-
tion is altered increased sequentially. The sequence is generated accord-
ing to a uniform distribution. . . . . . ... 0oL
Trends in the limiting distribution of a randomly generated four-state
system when the sequence length used to generate the limiting distribu-
tion is altered increased sequentially. The sequence is generated accord-
ing to a normal distribution. . . . . . .. .00 0oL

Single frame from an ECG-gated sequence showing location of Markov
chain method identified points (in white), the well-defined basis for reg-
istration to a CT-derived image. . . . . .. . .. .. .. ... ...

Ilustration of abstraction of ray-casting approach to 3d pose estima-
tion. Horizontal plane z = ho represents the X-ray image plane. . . . . .
The CT points P; (red), P, (blue) and P3 (green) corresponding to the
same in the fluoroscopy images. . . . . . . . . ... Lo
Rotation of 3d triangle about O by (—6, ¢) applied via rotation of 3d
point CTy by (—0,¢) about O. . . . . .. .. ... ... ... ......
Surface of function f;(6, ¢) showing change in angle corresponding to
o for different rotation values. . . . . . . . . ... ...
Surface of function f5(6, ¢) showing change in angle corresponding to
a9 for different rotation values. . . . . . . . . ... ...
Surface of function f3(6,¢) showing change in angle corresponding to
ag for different rotation values. . . . . . . . . ... ... ... ...
Contours associated with function f1(6,¢). . . .. ... ... ... ...
Contours associated with function fa(0,¢). . . . . . ... ... ... ..
Contours associated with function f3(0,¢). . ... ... ... ... ...

Xiv



Chapter 1

INTRODUCTION

1.1 Overview of Problem

Medical image registration is the alignment and superimposition of at least two dif-
ferentially acquired medical images of a single anatomical region. One image is chosen
as a reference, while the other is geometrically manipulated to match its size and ori-
entation. Registration is achieved when the manipulated image is superimposed onto
the reference. This creates a single fused image which contains all the visual informa-
tion provided by the individual component images. The registered images can either
be from a single imaging modality or from different ones depending on the goal of
registration and the available images.

Atrial fibrillation (AF) is the most common cardiac arrhythmia in the United
States. During AF, the atria of the heart experience episodes of rapid, but weak
heartbeats. One of the causes of AF is believed to be errant electrical impulses orig-
inating in the left atrium (LA) and pulmonary vein (PV) regions. Of interest in this
thesis is the treatment of AF by ablating the region around the PVs to electrically
isolate them from the LA. Ablation is performed by applying a radio frequency cur-
rent to the targeted sites through an ablation catheter placed in the LA. The ablation
catheter is navigated to the target sites by a cardiologist whose main visual guide is
a live X-ray feed showing the location of the catheter but no other structural detail.

The success of the treatment depends largely on accurate ablation. Inaccurate abla-



tion could result in a recurrence of the arrhythmia. Stenosis of the pulmonary veins is
another potential consequence of inaccuracy, with high costs to patient health.

There are increasing trends in morbidity and co-morbidity of AF which are asso-
ciated with increasing costs to patient health and to health care. Consequently, there
is growing interest in developing improved treatment techniques. This thesis centers
on an effort to use the registration of live X-ray images to an acquired 3d CT of the
left atrium to improve visualization for catheter navigation. The single view contain-
ing both 3d structural detail and real-time ablation catheter location information
improves visualization for the cardiologist. This has the potential to improve accu-
racy and speed in the ablation procedure. These benefits, however, are dependent on
accurate alignment of the X-ray and 3d CT-derived images. Unfortunately, in the con-
text of this application, accuracy has been difficult to establish. The complexity of the
structure and movement exhibited by the cardiac chamber distinguish this registration
problem from other medical image registration problems. Additionally, the real-time
constraints of the application require an assumption of rigidity on a non-rigid anatom-
ical region, with unique implications.

Registration accuracy is dependent on the alignment of regions of interest, or
target regions, in the component images. It is generally the case in medical image reg-
istration that the target region is not discernible in all the images involved. As such
it is not uncommon that indirect measures be used to form an estimate of registra-
tion accuracy. In some cases this is a well studied and understood problem. However,
those cases involve more rigid anatomical regions where the alignment of target re-
gions can be correlated to the alignment of other discernible features. In the registra-
tion of CT and X-ray cardiac images, the difficulty in evaluating registration results
stems from the lack of discernible features in the X-ray image. Further, the amount
and complexity of elastic movement experienced by the heart makes it difficult to
apply the known methods of error estimation. Electrocardiogram (ECG) gating is em-
ployed with the aim of satisfying the rigidity assumption on the application. However,
as will be discussed, visible variability in ECG-gated fluoroscopes of the LA indicate

that ECG-gating is insufficient to completely circumvent cardiac motion. Addressing



this insufficiency is the central part of this thesis. Additionally, this registration is 3d
to 2d. Interdimensional registrations require an estimate of the 3d orientation of the
imaged region in the 2d projection image. This is known as 3d pose estimation and
must be conducted prior to registration. This difficulty in performing a pose estima-
tion from a 2d cardiac fluoroscopy image is compounded by the variability witnessed
in the ECG-gated images.

The uniqueness of this CT to live fluoroscopy registration and the considerations
required due to the complexity of cardiac structure and dynamics necessitate a novel
approach to ascertaining registration accuracy. The following section presents the
current status of 3d to 2d and cardiac image registration, leading up to a statement of

the thesis in Section 1.3

1.2 Present Status of Problem

Cardiac image registration has received increasing amounts of attention over the last
decade. Cardiac imaging systems are now common place and registration is often
invoked to optimize the information contained in the images. Left atrium (LA) im-
age registration, as a navigational tool in the surgical treatment of atrial fibrillation
(AF), is the specific area of interest in this thesis. It is believed to have the potential
to improve accuracy and reduce procedural time in this minimally invasive (in the
context of surgical treatment of AF) treatment. Numerous recent studies identify an
increasing incidence of AF, and its associated health and monetary costs.[109][135][37]
This has led to active interest in improving treatment tools and techniques and there
are currently numerous groups working on various types of LA image registration

[25]126][58](607191)[114)[119] Given the sensitive nature of the ablation

applications.
process, accuracy in ablating is essential, placing demands on the accuracy of the
registration applications. Thus far, however, error analysis of LA image registration
has not received much attention. This thesis will address issues surrounding error

analysis in 2d to 3d LA image registration. The discussion of the problem’s present

status herein, thus, spans a few areas of medical image registration and the advances



that have shaped the current problem.

Image registration has been successfully employed in such fields as neurosurgery
and oncology as an aid in diagnostics and treatment planning and execution. The
technique is fairly common in these and other medical fields, and is currently used
with confidence. The fields that have seen the most success with the clinical use of
image registration are all ones in which rigorous validation studies have been carried
out. These fields involve anatomical regions whose geometry and function are compar-
atively easiest to characterize. This is because these situations allow the generation
of realistic simulated data (whether based on computer simulation, phantom data or
image database information) with which rigorous in vitro tests can be conducted. It
is the in vitro tests that generally form the gold standards against which registra-
tion methods are measured before being clinically tested. Gold standards provide a
benchmark for evaluating novel registration techniques. In the case of cardiac image
registration, however, the complex anatomy and mechanics of the heart are difficult to
characterize. In vitro testing of registration methods has been limited to techniques
such as using static phantoms, yielding results that have not captured the essence of
the problem. In these cases, it is often acknowledged in the discussion that observed
accuracy levels may be reduced in a clinical setting due to movements.

The majority of registration applications and subsequent validation studies ad-
dress 2d to 2d or 3d to 3d problems. These are well-studied in the non-cardiac con-
text, and registration evaluation techniques, such as Holton et al’s, 1995, validation
paradigm for 3d to 3d image registration[46], are easily found. When images of dif-
ferent dimensionality are registered, one of the image spaces has to be shifted to that
of the other, either at a loss or gain of one dimension. This adds an additional source
of error to the registration process, and requires special consideration in validation
studies. Numerous gains have been made in recent years, to improve inter-dimensional
registration problems, and in 2005 a standardized evaluation methodology for 2d to 3d
registration[l?’l] was proposed and is currently in use. This method, however, evalu-
ates the registration software, independently of the anatomical region being imaged.

As such, it provides a current gold standard by which to evaluate 2d to 3d registra-



tion algorithms. Certainly, the standardized evaluation would help in evaluating the
technical soundness of a 3d to 2d cardiac image registration method, but would still
not address the complexities that arise from the nature of the imaged cardiac chamber
itself.

3d to 2d registrations applications arise primarily where there is a need to incor-
porate structural or functional detail with a real-time image. In these applications,
3d pose estimation is an integral and well-studied component. The 3d pose, or orien-
tation, of the object represented in the 2d image has to be estimated in order for an
alignment of the two image spaces. Two standard ways in which pose estimation is

g_[g} 26][142] Bi-plane fluoroscopy

approached are bi-plane fluoroscopy and ray castin
creates two orthogonal projections of the anatomical region and aims to use the com-
bined projected information to reconstruct the object’s 3d position. Ray casting mim-
ics the action of an X-ray projection on a 3d image data set, creating 2d associated
datasets for each projection. The 3d volume is incrementally rotated and projected
datasets are recomputed and compared to the 2d image. The process is repeated un-
til a pre-determined degree of similarity is achieved between a projected dataset and
the 2d image, thus identifying the 3d orientation of the imaged object. Both of these
methods are computationally complex, however.

The field of cardiac image registration for intra-procedural navigation is new and
fast growing. While the literature clearly acknowledges validation as a vital step in
any registration effort, this aspect of the problem has not been the focus of attention.
The majority of effort has been placed in developing methods for registering cardiac
images, based on ideas developed in other fields of medical image registration. These
methods utilize the latest technical advances found in other fields and the latest car-
diac image acquisition processes to best suit the rigid registration implementation.
However, there is little discussion in the literature about methods of appropriately
testing these registration methods. Most of the LA registration validation work that
has been done involves clinical trials in which accuracy is difficult to establish. Recur-
rence rates and the incidence of pulmonary vein (PV) stenosis, a consequence of inac-

curate ablation, are the main means by which accuracy is currently discussed in the



context of AF ablation treatment. As discussed in a 2005 Circulation editorial[m?},

one of the current questions is how to better measure accuracy in the use of registra-
tion for cardiac interventional purposes since there is no leading theory found in the
literature. Figures 5.1 and 5.2 in Chapter 5 show the 2d fluoroscopy image and 3d CT
rendering that are to be registered for the purpose of catheter navigation for ablation
treatment of AF.

A limiting factor in LA registration for catheter ablation treatment is that reg-
istration has to be conducted in real-time, while the patient is in the operating suite.
This places restrictions on the amount of computational complexity involved in the
registration. What would ideally be a non-rigid, elastic, registration of images, in
which allowance is made for the soft-tissue deformations observed in the heart, has
to be simplified to a rigid registration.[nﬁ] In rigid registration, the imaged objects
are assumed to be rigid structures whose orientations can be aligned by a sequence
of scaling, translation and rotation. Rigid registration problems have a small, finite,
number of parameters to be determined, which allow them to be solved quickly. [40)(43]
In non-rigid registration, the extra deformations allowed between images add a sig-
nificant number of parameters to the registration problem. Thus, although non-rigid
methods would be ideal for cardiac image registration, the time constraints on intra-
procedural registration require the use of rigid methods. Truly rigid body registration
problems are well-understood - indeed, in 1998 Fitzpatrick[32] developed a closed form
estimate of error in certain types of rigid body registration. Simplifying assumptions
of rigidity have been used in registration methods which involve other anatomical
regions, since no part of the human body is truly rigid.*®[59][75][94] However, the
known methods of error estimates are not expected to apply with complete accuracy
in these cases, since the objects are not truly rigid. Validation in these situations has
also proven to be challenging, with a number of studies relying on animal experiments

[68][75][901[91][114][117

and external skin markers. The degree of non-rigidity of the
cardiac chamber, and its almost (but not exactly) periodic beating mean that care-
ful measures have to be taken in order to make the assumption of rigidity. ECG- and

respiration-gated image acquisition are the main measures currently looked upon to



