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A B S T R A C T

Background and purpose: Abnormal electrical conduction and excitability associated with fibrosis in the left
atrium (LA) may serve as a substrate for atrial fibrillation (AF). Electroanatomical voltage mapping systems
(EAMs) have become a dominant facilitator to treat AF with catheter ablation assisted by additional diagnostic
imaging modalities. Importantly, AF has been associated with structural changes to the extracellular matrix of
the myocardium, including increased collagen deposition—a process known as fibrosis. Late gadolinium en-
hancement-magnetic resonance imaging (LGE-MRI) may aid in guiding AF cardiac ablation therapy by de-
termination of location of fibrosis in the LA. To locate fibrosis for cardiac ablation, however, accurate regis-
tration between EAMs and LGE-MRI data is crucial. The purpose of this work was to develop a method for
registering EAMs with late gadolinium enhancement-magnetic resonance (LGE-MR) images of fibrosis.
Methods: Twenty patients with persistent AF, who underwent magnetic resonance imaging scanning and EAMs
prior to first-time catheter ablation, participated in the study. In our registration pipeline, LGE-MR images were
registered to the left atrial surface on EAMs using manual alignment followed by iterative closest point (ICP), and
non-rigid ICP (NICP) algorithm.
Results and conclusions: The results demonstrate that NICP provided a substantial reduction in registration error
when compared to the use of affine ICP alone. Regions of fibrosis on LGE-MR images identified using the signal
threshold to reference mean threshold demonstrated the most regional overlap with low bipolar voltage points
on EAMs. Successful co-registration of LGE-MR images to EAMs may assist electro-physiologists in selecting
candidate targets for ablation and ultimately, reduce the rate of AF recurrence for patients.

1. Introduction

Atrial Fibrillation (AF) is a heart rhythm disorder of the left atrium
(LA) that is associated with an increased risk of stroke and death. A
2010 study estimated that 2.7 to 6.1 million people in the United States
suffer from AF, and this number is expected to increase to 12.1 million
in 2030 [1]. AF can be classified as paroxysmal, persistent, and long-
standing persistent (also known as ‘permanent’ AF) [2]. While catheter
ablation is highly successful for most patients with paroxysmal AF, it is
much less effective for patients with persistent and longstanding per-
sistent AF [3]. Despite advancements in catheter ablation technology,
its success rate remains as low as 45–50% after treatment [4]. These

considerable treatment challenges have motivated a number of ex-
perimental studies, including some that explored the correlation be-
tween the extent of fibrillation burden and the degree of fibrosis in the
LA [5,6]. Importantly, AF has been associated with structural changes
to the extracellular matrix of the myocardium, including collagen de-
position—a process known as fibrosis. For example, Verma [7] showed
that patients with evidence of fibrosis in the LA at the time of ablation
resulted in nearly half the success rate of those without (43 vs. 81%).

Electroanatomical voltage mapping systems (EAMs) can identify the
presence, location, and extent of fibrosis in the LA by detection of ab-
normally conductive or ‘low voltage’ tissue regions [8]. These systems
enable operators to position the catheters without fluoroscopic
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guidance [9]. Areas of abnormal myocardium (‘low bipolar voltage
regions’) from fibrotic tissue in the LA are considered as potential tar-
gets for ablation [10]. Catheter ablation is an invasive procedure in
which radio frequency (RF) energy is delivered through a catheter to
deliberately destroy the small regions of heart tissue that are re-
sponsible for creating abnormal electrical signals. For example, pul-
monary vein (PV) isolation is a common procedure, where the tissue
bordering the pulmonary veins (PVs) is targeted for ablation in order to
prevent abnormal wave propagation to the rest of myocardium. When
electroanatomical voltage mapping (EAM) data is fused with other
imaging sources, such as magnetic resonance (MR) Imaging or Com-
puted Tomography (CT), it may provide crucial information for guiding
catheter ablation by locating fibrosis.

Together with EAMs, pre-procedural MR can provide a detailed
depiction of the LA and the PVs [11]. Late gadolinium enhancement
(LGE)-MR is also playing an increasingly important role in the depiction
of myocardial fibrosis [12] and can provide potentially relevant in-
formation prior to ablation. In late gadolinium enhancement-magnetic
resonance imaging (LGE-MRI), images are acquired 10–20min fol-
lowing a bolus injection of a gadolinium (Gd) based contrast agent,
which allows the contrast to distribute to the extravascular-extra-
cellular spaces, and accumulate, in regions of fibrosis. As the use of
LGE-MRI increases in pre-ablation planning, there is an urgent need for
registration techniques that will enable us to compare the spatial extent
of low bipolar voltage areas on EAMs with hyper-enhanced regions on
late gadolinium enhancement-magnetic resonance (LGE-MR) images.
Several studies have demonstrated that fibrosis regions of the LA de-
tected using LGE-MRI prior to ablation can assist in predicting ablation
outcome [13–15]. Leonardi [14] reported that an accurate morpholo-
gical three-dimensional (3D) left atrial model produced by magnetic
resonance imaging (MRI) can improve the cardiac ablation strategy.
Romero [15] described the clinical impact of incorporating LGE-MRI
data to EAMs, specifically that regions of LGE-MR enhancement may
assist in visualizing the fibrosis border zone in the LA.

Although others have reported significant correlations between
EAMs and LGE-MRI with respect to the total burden of fibrosis in the LA
[16,17], the spatial correlation between regions of low bipolar voltage
on EAMs and regions of hyperenhancement on LGE-MRI depends on the
accurate alignment of data acquired by these two disparate image
modalities (i.e., registration). To our knowledge, registration methods
for integration of LGE-MRI and EAMs of the LA have not been ade-
quately described in the literature [18,19]. Therefore, we propose a
computational registration and evaluation strategy, which was vali-
dated using clinical data acquired from a prospective study of patients
with persistent AF.

The primary objective of this work is to develop and validate a re-
gistration method for aligning the left atrial surface determined from
LGE-MRI to the left atrial surface depicted by EAMs. After im-
plementation of this registration strategy, the secondary objective is to
evaluate the spatial correlation between fibrosis depicted in LGE-MRI
determined by several segmentation algorithms and regions of low bi-
polar voltage on EAMs.

2. Materials and methods

2.1. Study subjects and image acquisition

Twenty patients (mean age: 64 years, age range: 45–76 years)
participated in this prospective study of persistent AF. The study was
approved by the Institutional Human Research Ethics Board, and a
written consent was obtained from all participants. 3D LGE-MR images
were acquired prior to first-time ablation (median duration: 57 days),
and EAMs data were acquired immediately prior to ablation.

All patients underwent MRI examination on a 1.5 Tesla clinical
scanner (Siemens Aera, Siemens Medical Systems, Erlangen, Germany).
LGE imaging was performed approximately 15min after injection of

0.1mmol/kg Gadobutrol (Gadovist, Bayer Healthcare, Canada) using a
3D inversion recovery prepared gradient echo sequence. All MR images
were ECG gated and acquired during the end-diastolic phase of the
respiratory cycle, i.e., LA diastole phase. Participants were instructed to
breath freely during image acquisition and respiratory navigator gating
was used to ensure consistent data collection during the end-expiration
phase of the respiratory cycle. Images were acquired with an inversion
time selected to null the signal from normal ventricular myocardium
(typically between 340 and 360ms). The 3D images were acquired
axially with a voxel size of 1.25×1.25×2.5mm3, which was subse-
quently subsampled to 0.625×0.625×1.25mm3.

Participants underwent voltage mapping prior to cardiac ablation.
The protocol was standardized to collect voltage mapping data while
the participant was in sinus rhythm (i.e., instead of while in AF).
Additionally, the mapping points were acquired at the P-wave during
early atrial systole which corresponds to the end-diastolic phase of the
left ventricle. A mapping catheter and proximal electrodes accessed the
left atrial chamber percutaneously to record the unipolar and bipolar
signal [20]. Sequential contact along the left atrial endocardium of the
mapping catheter was recorded with respect to its position (vertex), the
distance from location sensors to three coil magnetic fields beneath the
patient triangulated in space (face), and the magnitude of the local peak
voltage at each vertex (uni/bipolar voltage). The CARTO (Biosense
Webster, Inc. Irvine, California, USA) workstation progressively dis-
plays the reconstruction of the left atrial chamber in 3D space with
color encoding of sequential activation time, where purple-to-green
denotes healthy myocardium, yellow the border zone, and red fibrosis
on the basis of bipolar voltage as shown in Fig. 1 [21].

2.2. Dataset preprocessing

A cardiothoracic radiologist with 7 years of experience manually
segmented the left atrial blood-pool and wall on LGE-MR images using
the Cardiac MRI Toolkit extension (CARMA Center, University of Utah,
UT, USA) in 3D Slicer (www.slicer.org) [22]. For the left atrial blood-
pool segmentation, the left atrial appendage and PVs (and their re-
spective ostia) were identified by the operator who then defined five
walls (septal, posterior, anterior, inferior, and roof) of the LA. Subse-
quently, the axial dilate function (Cardiac MRI Toolkit) was applied to
the left atrial blood-pool volume. In particular, this function performs a
four-pixel radius binary dilation (in-plane) for each two-dimensional
(2D) axial slice. A first approximation of the left atrial wall contours
was then created by subtracting left atrial blood-pool segmentation
from the dilated result; contours were subsequently refined manually
by the radiologist (i.e., thinning or thickening the wall as appropriate).
We utilized the segmented myocardium of the LA as the region of in-
terest (ROI) for the purpose of registration to EAMs surfaces, and for
delineation of fibrosis.

We built a polygonal mesh representing the LA composed of vertices
and faces from the label map using the Marching cube algorithm [23].
We also constructed a left atrial surface composed of multiple polygons
derived from vertices and faces that were transferred from the EAMs.
The coordinates (vertices) were formatted as a matrix, and the trian-
gulation connectivity (faces) was labeled for identifying specific ver-
tices using the triangulation. The preprocessing for both data was
performed in Matlab 2017b (The MathWorks, Inc., Natick, Massachu-
setts, USA).

3. Registration of left atrial surface determined by LGE-MRI to
EAMs

3.1. Overview of our approach

In image processing, registration involves aligning two or more
objects into the same spatial scene [24]. In this work, we used a point
cloud to represent the left atrial geometry, as isolated from LGE-MR
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images and EAMs data. In this context, a point cloud is a collection of
coordinate points, XY(Z), in space, which can be converted to create a
surface of the LA using Delaunay triangulation.

Our proposed registration pipeline is shown in Fig. 2, which consists
of manual, affine, and non-rigid alignments. In the original space (i.e.,

prior to registration), LGE-MR and EAMs data were located in the same
scene of 3D space at a remote distance. In the manual registration step,
translation and rotation transformations were applied to relocate the
left atrial surface determined from LGE-MRI closer to the EAMs, as
guided by the anatomy of the LA. This was followed by application of
an iterative closest point (ICP) algorithm, in which the left atrial surface
determined by LGE-MRI was deformed to that of EAMs in an affine
manner. Finally, we applied a non-rigid ICP (NICP) algorithm to max-
imize the matching criteria by searching for the correct parameters in a
deformation field.

After registration, we projected the regions of fibrosis as determined
by LGE-MRI to the low bipolar voltage regions on EAMs to investigate
their spatial correlation, as shown in Fig. 3.

3.2. Manual alignment

In our registration process, we used EAMs as our target and the left
atrial point cloud from LGE-MRI as the source, which was ultimately
deformed to match the target. We elected to designate EAMs as the
target due to its fundamental role in guiding ablation treatment for AF.
Furthermore, currently, EAMs was chosen as target due to its dominant
treatment tool to treat AF. In this study, LGE-MRI is the cross-sectional
imaging modality to find the spatial correlation with low bipolar vol-
tage regions on EAMs. The point cloud for the source (s) is a set of
vertices = …v v v R( , , )s

i1
3 and faces = …f f f R( , , )s

l1
3, and the point

cloud for the target (t) is a set of vertices = …v v v R( , , )t
j1

3 and faces
= …f f f R( , , )t

m1
3.

We manually aligned the two left atrial surfaces first to provide a
good initialization for the ICP algorithm by observing the resultant
shortest distance between corresponding landmarks. The source was
aligned to the target manually while considering the structure of the LA
(e.g., left superior PV (LSPV), left inferior PV (LIPV), right superior PV
(RSPV), right inferior PV (RIPV), and the mitral valve). In this step, six
degrees of freedom (DOF) were allowed (3 rotations +3 translations)

Fig. 1. Examples of EAMs images obtained from 3
representative patients with persistent AF, displayed
in gradient color (patients A (left), B (middle), and C
(right)). The gradient color bar on the top right
shows the geometric bipolar voltage values for each
LA; purple-to-green indicates healthy myocardium,
whereas red and yellow indicate areas of fibrosis and
border-zone, respectively. The red dots adjacent to
PVs indicate the recorded locations of ablation (‘PV
isolation’). Images displayed in the top row corre-
spond to the posterior view of the LA, those in the
middle row correspond to the anterior view of the
LA, and those on the bottom row correspond to the
inferior view of the LA. The images were generated
by CARTO XP system viewer version 1.0.0.4.

Fig. 2. Point cloud registration flow diagram. The top left image indicates
EAMs data and the top right image indicates LGE-MRI data. Both EAMs and
LGE-MRI data were preprocessed before registration was performed. The results
of the registration were validated by both landmark-based and surface-based
evaluation methods.
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for this registration.

3.3. Affine ICP registration

The most popular registration method for point cloud data is the ICP
algorithm [25,26]. In the standard ICP algorithm, adjacent points on
each point cloud refine their distance at each iteration using translation
and rotation transformation matrices. Refined transformation of the
output results in minimization of the error metric, e.g., the root mean
squared differences, between coordinates from two point clouds. In
contrast to the standard ICP algorithm, we applied affine ICP with 12
DOF (3 rotations +3 translations +3 scales +3 shears) to the manually
aligned point cloud due to the dissimilar appearance of the source and
target. We applied the entire set of vertices from the two point clouds in
this step to maintain consistency across each registration step. The ro-
tation was included due to the misalignment of the two point clouds
with respect to their initial coordinate locations; shear transformations
were applied to the MR data due to its position with slanted angle, and
a scaling factor was applied to correct for the volume differences be-
tween MR and EAMs data due to the differences in the phase of MR
image and EAMs data acquisition. The affine ICP algorithm created
uniform grids of target vertices by sorting the points into local groups to
speed up the distance measurement process. The source points were
then calculated by the radius of each point from the uniform grid. For
point correspondence between the two surfaces, the nearest source
point from the target grids was found using k-dimensional tree method
(k-d tree) [27], which is a computationally efficient algorithm to find
the nearest point on the other surface. This approach is initiated by
calculating the distance of correspondences from the target to source
followed by a selection of those with the shortest distance. The error
function associated with affine ICP can be written as;

=
=

E a w min v T a v( ) ( ( ( ( ; ) )) )
j

N

i j j
t

i
s

1

2
vt

(1)

where Nvt is a number of vertices for target, wi is a weight, minj is part
of minimization process of the distance between target and source,

=x x( )2 2 is an error function for alignment measurement where
x R3 is manually aligned vertices of source, vi

s is a set of vertices for
source, T represents a transformation where a R12 are parameter

vectors including translation, rotation, scale, and shear, and vj
t is a set of

vertices for target. We set wi as zero for vertices with no finding for the
corresponding vertex, and one otherwise. During point cloud registra-
tion, only vertices were included in the registration procedure. At each
iteration, a least squares method was used to reduce the average dis-
tance between corresponding points, and the individual distance be-
tween corresponding points was reduced.

Considering the large number of vertices (mean vs: 40,358, mean vt :
27,684), we used memory efficient optimizers supported by Quasi-
Newton, Broyden–Fletcher–Goldfarb–Shanno (BFGS) [28–30], and fol-
lowed by Davidon-Fletcher-Powell [29]. Quasi-Newton analyzes suc-
cessive gradient vectors, =F g v( )v i

s
i
s where F v( )i

s is a minimizing
function, by updating Hessian matrix;

= +Hessian H H Hyy H
y Hy

ss
T

T
T

(2)

where H is an approximation to the inverse Hessian, =s v vi
s

i
s and

=y g g are the changes in vi
s and g made at each iteration, T denotes

transpose, ∗ denotes an appropriate value to the next iteration, and
=

y s
1
T .

Using a Quasi-Newton optimizer, the local minimum and maximum
can be found by approaching the value of the function tolerance by
minimizing the distance error. The BFGS formula is used here;

= +B I ys B I sy yy( ) ( )T T T (3)

where I is an approximate Hessian matrix, and B is a positive definite
Hessian matrix. In this context, vector sT and y must satisfy the cur-
vature condition;

= >s y s Bs 0T T (4)

3.4. Non-rigid ICP registration

As the deformation of the heart muscle is non-linear, we also ap-
plied a non-rigid registration of EAM data to the MR point cloud which
underwent affine ICP after manual alignment. We used a NICP algo-
rithm that is similar to the one described by Amberg [31]. We retained
a locally affine regularization, smooth translation, and set the number
of iterations for all datasets as 160 based on previous study [31]. In our
implementation of NICP, we used the quadratic cost function [32] for
the minimization of distances between the deformed source and the
target. This can lead us to solve the minimization problem directly and
exactly due to more than three parameters per vertex in the deforma-
tion field. The affine 3×4 transformation matrix Xp is predefined for
each vertex of the source, and the error function in NICP is;

E X w dist t X v( ) ( ( , ))d
v s

p p i
s2

i (5)

where =X X X[ ]p
T

1 is an affine matrix, X describes a set of dis-
placed source vertices, =v x y z[ , , , 1]i

T is homogenous coordinates, s
denotes source, wp is a weight, t is a target, and dist t v( , )i

s denotes a
distance between a source point vi

s and its closest point on the target
surface. We set wp as zero for vertices where no finding for the corre-
sponding vertex, and wp as one for other vertices. We included an ad-
ditional regularization function [32] by penalizing the adjacent vertices
of the source to be mapped to the disparate vertices of the target in
transformation. The error function is used;

E X X X G( ) ( )r

v v E

j i F

,

2

i
s

j
t t

(6)

where Et denotes edges of target, Xj and Xi are affine transformation
matrix for target and source, G is a weighting matrix by

=G diag (1,1,1, ), γ used as differences in weighting in rotational de-
formation, set to one here, and was scaled into the [ 1, 1]3 cube. F is
Frobenius norm.

Fig. 3. Projection flow diagram. Both LGE-MRI and EAMs data were pre-
processed before projection was performed. Regions of LGE-MR fibrosis were
identified using three threshold-based approaches and their correspondence
with regions of low bipolar voltage (EAMs) was assessed. In the example of the
spatial correlation result (bottom images), A denotes posterior view, B denotes
anterior view, C denotes inferior view, and L denotes left, R denotes right. The
registered LA was depicted in purple, blue depicts the regions of low bipolar
voltage on EAMs, and yellow depicts the distributed gadolinium on LGE-MRI.
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The complete objective function (E) for cost function is the weighted
sum of the two-error functions by;

+E X E X E X( ) ( ) ( )d r (7)

where = > +1, q q 1, is a weight for smoothness of source and it was
lowered when two successive iterations (i.e., q) were smaller than a
threshold.

4. Segmentation of fibrosis in LGE-MRI

In this study, we applied the image intensity normalization method
advanced by Giannakidis [33]. We normalized the image intensity of
the voxels within the left atrial wall contours by that of the left atrial
blood-pool [33] using the following;

=NI h I h µ( ) [ ( ) ]/bp bp (8a)

where NI h( ) is normalized left atrial wall intensity, µbp is the mean
value of the left atrial blood-pool signal I, bp is the standard deviation
value of left atrial blood-pool signal I, and I(h) is left atrial wall in-
tensity for each voxel, h. Both µbp and bp were computed from the
image intensity histograms corresponding to the left atrial blood-pool
(Fiji open source software, National Institutes of Health, MD, USA).

We applied three different methods for identifying voxels in left
atrial wall as “fibrosis” for the purpose of finding a spatial correlation
with low bipolar voltage regions on EAMs. The full width half max-
imum (FWHM) method labels voxels with normalized signal intensity
greater than half the maximum signal intensity within a hyper-en-
hanced region as fibrosis. The voxels with signal intensity greater than
the mean + 1 standard deviation intensity of the left atrial wall are
defined as fibrotic in STRM1, and the voxels with signal intensity
greater than the mean + 2 standard deviation intensities of the left
atrial wall are defined as fibrotic in STRM2.

5. Spatial correlation of fibrosis determined by LGE-MRI to low
bipolar voltage regions on EAMs

We projected vertices labeled as fibrosis in the left atrial wall de-
termined from LGE-MR, created using intensity-threshold-based tech-
niques, on EAMs to evaluate their spatial correlation. We used k-d tree
method [34] based on the Euclidean distance (ED) metric to locate the
closest point on the target surface. In the Euclidean space, the minimum
distance between two points is drawing a straight line. During k-d tree
search, each vertex of fibrosis in the left atrial wall was regarded as a
query point and unlabeled points (vertices in the registered left atrial
endocardial surface of LGE-MR) were classified to query points under
the ED metric. Subsequently, we limited our assessment of fibrosis in
the LA on MR to the registered left atrial endocardial point cloud de-
lineated by the ROI, i.e., to the exclusion of tissue directly adjacent to
the PVs. Next, we determined the cut-off value (below 0.5 mV ) [35,36]
for the regions of low bipolar voltage on EAMs for the purpose of dis-
covering a spatial relationship with LGE-MR. Accordingly, each vertex
corresponding to the three fibrosis thresholds on LGE-MR (FWHM,
STRM1, and STRM2) was projected to the regions of low bipolar voltage
on EAMs. The resultant LGE-MR-to-EAMs projections were displayed
using ParaView open source software (Kitware Inc., New York, NY,
USA).

We identified areas of potential spatial correlation between LGE-
MRI and EAMs by searching for LGE-MR fibrotic vertices that were
located within a mm3 radius of the EAMs low bipolar voltage vertices
which we arbitrarily set based on the normalized Euclidean distance
(NED) measurement. The NED defines the squared distance between
two point sets with uniformed scale form [37].

6. Comparison of our method to a state-of-the-art technique

We compared results of our method to the coherent point drifts

(CPD) [38], which is an alternative to the NICP algorithm. We selected
the CPD algorithm inspired by Liang [39] as a comparison to our NICP
algorithm. The CPD algorithm considers the alignment of target and
source datasets as a probability density estimation problem and co-
herently re-parameterizes Gaussian mixture model centroid locations
with rigid parameters using maximization step of the Expectation-
maximization algorithm. The CPD algorithm followed the same proce-
dure for registration up to affine ICP. No more than 50 iterations were
set for convergence due to its demands on memory.

7. Evaluation of our registration approach

We used a landmark-based evaluation method by measuring the
distance between corresponding landmark points on the two surfaces in
ParaView. Fig. 4 shows the location of the chosen landmarks. To choose
distinctive features in the LA, two vertices in the diagonal direction at
each PV were selected under careful visual inspection. For left PVs, in
the middle of a short vestibule or funnel-like common vein between
LSPV and LIPV, the adjacent edges of the posterior and anterior wall
were chosen as landmarks. Similarly, in the middle of a long vestibule
between RSPV and RIPV, the edges on the right PV areas were selected
as landmarks. We did not use the mitral valve as a landmark due to the
obscurity of its position on EAMs. As the target object, the landmarks on
EAMs are static whereas the corresponding point on MR was selected
one by one manually for each registration step. We used target regis-
tration error (TRE)

=
=

TRE v v v v( , ) 1
8

( )t s

k
k
t

k
s

1

8
2

(8b)

as the metric for evaluating the registration method, where k is the
number of landmarks.

Fig. 4. Example of the location of the eight landmarks in the LA with three
points of view, displayed in white square dots (patients A (left), B (right)). (1)
Posterior view, (2) Anterior view, (3) Inferior view. A total of eight landmarks
were selected, and two points at each PV are located at a diagonal direction in
the middle of a short (or long) vestibule or funnel-like common vein in PVs. ‘R’
and ‘L’ denote right and left, respectively.
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We also validated our registration method by computing the
alignment of the entire surface of point pair correspondence. We
computed the distance from all vertices in EAMs to those in MR based
on the ED metric, and vice versa. Then, the median value (M) of the
results at each coordinate was selected as the distance between EAMs
and LGE-MRI. The evaluation results are presented as medians and
interquartile ranges due to the non-Gaussian distribution of the ED
measurement. The distance computation of surface-based evaluation
was followed by;

=d v v M v v( , ) ( )t s t s 2 (9)

All statistical analyses were conducted using the SAS environment
(SAS Institute Inc., Cary, NC, USA). Differences in the ED measurement
(surface-based evaluation) from the manual-alignment to affine ICP,
and finally to NICP were assessed using a non-parametric repeated
measure (Friedman) test. Post-hoc Wilcoxon paired tests were per-
formed to assess pair-wise differences between manual-alignment and
affine ICP, manual-alignment and NICP, and affine ICP and NICP, and
NICP and CPD with respect to TRE (landmark-based evaluation).
Afterward, we validated the performance of CPD with our evaluation
methods. The mean number of iterations and running time for affine
ICP, NICP, and CPD were also compared. A p-value <0.05 was con-
sidered statistically significant.

The spatial correlation of fibrosis on LGE-MRI with low bipolar
voltage regions on EAMs was evaluated by deriving the following from
a 2×2 contingency table;

• Sensitivity = TP/(TP + FN),
• Specificity = TN/(TN + FP),
• Precision = TP/(TP + FP), and
• Accuracy = (TP + TN)/(TP + FP + TN + FN).

where TP represents the number of true positives, i.e., the fibrosis
vertices for source within 3mm of NED of the low bipolar voltage
vertices for target, FP represents the number of false positives, i.e., the
non-fibrosis vertices for source within 3mm of NED of low bipolar
voltage vertices for target, TN represents the number of true negatives,
i.e., the non-fibrosis vertices for source within 3mm of NED of the high
bipolar voltage (>0.5mV) vertices for target, and FN represents the
number of false negatives, i.e., the non-fibrosis vertices for source
within 3mm of NED of the low bipolar voltage vertices for target.

8. Results

We summarized the results of our landmark-based TRE for our
method and the alternative method (CPD) in Table 1. Manual alignment
reduced the TRE from 368.94mm to 25.06mm, which was decreased
further to 20.97mm after affine ICP (Wilcoxon paired test between
manual alignment and affine ICP, p<0.05). NICP improved the TRE to
0.61mmwhereas CPD only improved the TRE to 1.8mm (Wilcoxon
paired test between NICP and CPD, p<0.01). The TRE reduction as-
sociated with the NICP step was significantly greater than that which
was achieved by affine ICP (A reduction of 0.61mm for NICP vs.
20.97mm for affine ICP, p<0.01). The proposed registration

outperformed the CPD algorithm in terms of TRE by three-fold, based
on landmark evaluation. The median ED measurements associated with
each registration step are depicted in Fig. 5.

The surface-based evaluation of registration accuracy is presented in
Fig. 6. Similar to the results of landmark-based evaluation, the proposed
evaluation method resulted in a three-fold improvement in registration
accuracy for NICP compared to the CPD algorithm.

Table 2 shows the number of iterations and computational time
required to perform affine ICP, NICP, and CPD registration methods.
The number of iterations varied due to the convergence threshold
configuration ( > 0) for affine ICP whereas NICP and CPD were set as
static value due to complete utilization of vertices for the source. Affine
ICP ( ±0.39 0.24 min) demonstrated a fast execution time, particularly
relative to the running time required for our NICP registration steps
( ± min79 16.73 ), using a workstation with an Intel i7 processor and a
memory of 12 GB. In a similar fashion, CPD algorithm considerably
increased the computational time ( ±hrs min hrs min21 27 19 44 ), an
increase of sixteen-fold compared to NICP.

Fig. 7 depicts the spatial correlation between two surfaces in a
qualitative manner for FWHM, STRM1, and STRM2. In general, the
regions of low bipolar voltage on EAMs are denser and more tightly
clustered than the regions of hyperenhancement on LGE-MRI. STRM1
demonstrated the highest density of fibrosis on LGE-MRI, and followed
by FWHM and STRM2. Table 3 summarizes the extent of spatial cor-
relation between regions of hyperenhancement delineated by LGE-MRI
and low bipolar voltage regions on EAMs. Overall, all three methods for
fibrosis detection demonstrated over 80% accuracy, and over 90%
specificity. STRM1 showed the highest values of sensitivity (41.31%)
and precision (90.6%) whereas FWHM and STRM2 showed much lower
values of sensitivity (7.6% and 2.78%) and slightly lower values of
precision (69.27% and 78.68%).

Table 1
Evaluation result of the registration method based on landmarks using the ED measurement (mm). Q1 denotes 1st quartile, Q3 denotes 3rd quartile, IQR denotes
interquartile, and SD denotes standard deviation. Optimal results are shown in bold.

Registration step/(mm) Mean Median Min Max IQR (Q1-Q3) SD Outliers (low) Outliers (high)

Original 365.77 368.94 206.6 473.47 337.2–403.85 54.64 6 160
Manual 26.73 25.06 1.74 90.95 16.09–33.04 15.47 0 153
Affine ICP 21.99 20.97 1.99 104.55 16.67–31.44 11.00 0 157
NICP 0.86 0.61 0.05 8.02 0.41–1.26 0.9 0 151
CPD 2.25 1.80 0.26 8.67 1.10–3.14 1.59 0 155

Fig. 5. Median and quartile ranges for the ED are depicted for manual, affine
ICP, NICP, and CPD registration.
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9. Discussion

The objective of this study was to develop and evaluate a method for
registering the left atrial surface from EAMs to the one determined from
LGE-MR images. Such a method would enable the merging of com-
plementing information from both LGE-MRI with EAMs, and potentially
assist with ablation strategies for patients with AF. We described a re-
gistration pipeline based on the ICP algorithm, which was evaluated by
measuring distance between manually picked anatomical landmarks in
left atrial surface obtained from both EAMs and LGE-MRI. In our ap-
proach, the ICP algorithm was used to deform the left atrial surface

Fig. 6. Representative distance maps depicting the results of NICP registration method (top) and CPD registration method (bottom) based on the surface evaluation
using the entire vertices on LGE-MRI and those on EAMs for patients A (left), B (middle), and C (right). (1) Posterior view, (2) Anterior view, (3) Inferior view. The
distance maps were depicted in a gradient color bar at the top right ranged from 0 to 2mm. All measurements are depicted in mm.

Table 2
The number of iterations and computation time required for affine ICP, NICP,
and CPD. CT denotes computational time in seconds.

Registration
Iteration/CT

Affine ICP
iteration

Affine
ICP CT
(sec)

NICP
iteration

NICP
CT (sec)

CPD
Iteration

CPD
CT (sec)

Mean 33 23.1 160 4739.6 50 77265.3
Min 15 2.0 160 1557.4 50 1190.0
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determined using LGE-MRI to that of EAMs by an affine transformation;
we then applied a NICP to deform the left atrial surface by non-linear
deformations. The results demonstrated that NICP can provide

significant incremental improvement over the use of affine ICP alone
(median TRE 20.97mm in affine ICP vs. 0.61mm in NICP).
Furthermore, NICP outperformed the results reported by previous stu-
dies (mean TRE for left ventricle: mm3.41 3.8 [18,19], LA: >5mm
[40]), in terms of the accuracy of registration assessed by points-based
methods.

Our evaluation of a non-rigid algorithm for registration provides
background information to clinical studies requiring the spatial corre-
lation of fibrosis with low-voltage points on EAMs. Although several
studies [18,19,41] have evaluated the correlation of two surfaces by
computing a global assessment of fibrosis correlation (i.e., over the
entire left atrial wall), there has been a dearth of studies focused on

Fig. 7. Representative results from two patients (top, bottom) depicting the spatial correlation between regions of low bipolar voltage on EAMs and regions of
hyperenhancement on LGE-MRI using each of the three thresholds for left atrial fibrosis. The regions of low voltage on EAMs is stationary whereas fibrosis on LGE-
MRI differs due to fibrosis thresholds. (1) Posterior view, (2) Anterior view, (3) Inferior view; (A) FWHM, (B) STRM1, (C) STRM2. Regions depicting low bipolar
voltage on EAMs are shown in blue, while regions of hyperenhancement on LGE-MR are shown in yellow.

Table 3
Results of a relationship between the regions of fibrosis on LGE-MRI and the
regions of low bipolar voltage on EAMs.

Method Sensitivity (%) Specificity (%) Precision (%) Accuracy (%)

FWHM 7.6 99.9 69.27 83.21
STRM1 41.31 99.33 90.6 85.05
STRM2 2.78 99.92 78.68 84.05
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evaluating the potential algorithms for registration. The spatial corre-
lation between fibrosis determined by MRI to low bipolar voltages on
EAMs based on our registration method demonstrated over 80% in
accuracy for all fibrosis thresholds, with the best accuracy achieved by
the STRM1 intensity threshold. Low sensitivity was expected due to the
disparate mechanisms of identifying “fibrosis” with each imaging
technique: while the accumulation of gadolinium and associated T1
shortening reflects an expansion and disruption of the extravascular-
extracellular space on LGE-MRI, the low bipolar voltage regions on
EAMs are thought to result from electrical remodeling, autonomic
nervous system changes, or calcium handling abnormalities [42].
Conversely, the specificity of each threshold for identifying EAMs-po-
sitive low-voltage regions was high due to the preponderance of un-
enhanced regions on LGE-MRI.

Our study has several limitations. First, the cohort consisted of only
20 patients, which was relatively small. Despite the small number of
patients, we demonstrated statistically significant improvements in re-
gistration performance metrics using non-parametric repeated mea-
sures (Friedman and Wilcoxon paired tests).

Importantly, the MR image resolution greatly influences the ability
of the imaging technique in identifying the fibrotic regions, as the left
atrial wall is very thin. As we acquired contiguous 3D spatial data via
multi-slice selection, this leads to anisotropic spatial resolution, espe-
cially in the z direction. In terms of the signal intensity, acquired image
contrast under LGE-MRI relies normally on the signal intensity differ-
ence between healthy myocardium and myocardial fibrosis. Although
LGE-MR images are designed to delineate healthy from fibrotic myo-
cardium, there is not always a clear differentiation between fibrosis and
adjacent normal myocardium. In the same manner, the assessment of
diffuse myocardial fibrosis can be ambiguous in terms of defining the
threshold of fibrotic tissue. Moreover, the extent of hyperenhancement
may differ depending on the signal intensity threshold selected by the
operator or image analyst. Finally, irregular heart-rates or respiratory
rates can heavily impact LGE-MR image quality.

The ICP algorithm is considerably influenced by the initial align-
ment. Despite careful manual alignment, this factor can influence the
outcome of the registration, and ultimately the degree (strength) of the
spatial relationship between hyper-enhanced regions on LGE-MRI and
low bipolar voltage regions on EAMs. Further automation could be
achieved by replacing the manual alignment step with an alternative
approach, wherein the center of gravity of the LA is used to initialize
the alignment of the two point clouds. Advanced refinement [43] of the
ICP algorithm, e.g., uniformed sub-sampling of the available points,
random sampling with different points at each iteration, a large number
of normal among selected points, can be further studied to improve the
accuracy of the registration. With respect to NICP, the computational
time can be greatly reduced if a small number of iterations can provide
similar results. To improve computational time of the registration
method, faster program environment, e.g., C, or simplified structure of
the registration algorithm can be alternative options.

With respect to dataset preprocessing, manual segmentation of the
left atrial wall was a considerably time-intensive task, which is subject
to high observer variability. The application of automatic segmentation
methods can be studied in the future to improve the computational time
of registration further. For instance, principal component analysis may
be performed on the left atrial shapes on LGE-MRI, and then align them
based on eigenvectors to those of EAMs. Yang [44] proposed a model-
based method to segment LA with left atrial appendage and PV trunks
from CT images using marginal space learning, and obtained over 0.94
outcome based on Dice's coefficient evaluation. Veni [45] presented a
surface-detection method of segmenting LA by computing a—posterior
estimate and obtained over 0.9 in Dice's coefficient.

Finally, due to the properties of EAMs, regions of hyperenhance-
ment in the left atrial wall of LGE-MRI was projected to the constructed
left atrial endocardium depicted in EAMs by finding the shortest path
(straight line), where their corresponding point should be computed

over the surface of the LA, i.e., geodesic distance. Although we used the
ED measurement for its wide-usage and simplicity, another dis-
advantage with the ED is the largest-scaled features dominate the others
if dataset clusters are not isolated or compacted [46]. An alternative
metric can be proposed to refer to the shortest path between two ver-
tices on a curved surface or sphere.

10. Conclusions

We developed and validated a method for registering the left atrial
surface on LGE-MRI to one on EAMs based on three integration steps.
The results demonstrated that the integration of left atrial point cloud
outperformed the comparative method verified by our evaluation
methods. Furthermore, a substantial correlation between low bipolar
voltage regions on EAMs and hyper-enhanced regions on LGE-MRI was
demonstrated. The development of registration and evaluation methods
can be utilized to compare EAMs to data obtained from cross-sectional
imaging modalities such as CT or MR. Refinement of these methods will
lead to valuable tools for the identification of arrhythmogenic foci that
might be otherwise missed during cardiac ablation, and therefore im-
prove outcomes for patients with persistent AF.
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