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This paper presents a novel method for non-rigid registration of transrectal ultrasound and magnetic res-
onance prostate images based on a non-linear regularized framework of point correspondences obtained
from a statistical measure of shape-contexts. The segmented prostate shapes are represented by shape-
contexts and the Bhattacharyya distance between the shape representations is used to find the point cor-
respondences between the 2D fixed and moving images. The registration method involves parametric
estimation of the non-linear diffeomorphism between the multimodal images and has its basis in solving
a set of non-linear equations of thin-plate splines. The solution is obtained as the least-squares solution of
an over-determined system of non-linear equations constructed by integrating a set of non-linear func-
tions over the fixed and moving images. However, this may not result in clinically acceptable transforma-
tions of the anatomical targets. Therefore, the regularized bending energy of the thin-plate splines along
with the localization error of established correspondences should be included in the system of equations.
The registration accuracies of the proposed method are evaluated in 20 pairs of prostate mid-gland ultra-
sound and magnetic resonance images. The results obtained in terms of Dice similarity coefficient show
an average of 0.980 + 0.004, average 95% Hausdorff distance of 1.63 + 0.48 mm and mean target registra-
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tion and target localization errors of 1.60 £ 1.17 mm and 0.15 + 0.12 mm respectively.

© 2012 Elsevier B.V. All rights reserved.

1. Introduction

Countries in Europe and USA have been following prostate can-
cer screening programs since the last 15 years (Andriole et al.,
2009; de Koning et al., 2002; Roobol and Schroder, 2003). A patient
with abnormal findings after a digital rectal examination, serum
Prostate Specific Antigen (PSA) level over 4.0 ng/ml and PSA veloc-
ity more than 0.4-0.75 ng/ml/yr is generally advised for a prostate
biopsy to diagnose the benign or malignant lesions from the histo-
pathological examination of the prostate tissues. During needle
biopsy, the most common appearance of malignant lesions in
Transrectal Ultrasound (TRUS) is hypoechoic. The accuracy of sono-
graphic finding of hypoechoic prostate cancer lesions is typically
43% (Carroll and Shinohara, 2010) and the prevalence of isoechoic
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prostate cancer lesions on TRUS ranges from 25% to 42%. The TRUS
guided needle biopsy is performed using a multicore strategy
where 10-12 samples are strategically extracted dividing the pros-
tate into several regions (Porter et al., 2010). A hyper or hypoechoic
lesion detectable with gray-scale TRUS is not necessarily a malig-
nant lesion (Veltman et al., 2002). For instance, the chances of a
hypoechoic lesion evaluated in TRUS guided biopsy being malig-
nant is between 7% and 57% (Bogers et al., 1999). This results in
multiple negative biopsies and thereby increases the number of
re-biopsies required. In contrast, Magnetic Resonance Imaging
(MRI) has a negative predictive value of 80-84% for significant can-
cer and the accuracy of MRI to diagnose prostate cancer is approx-
imately 72-76% (Vilanova et al., 2011). Therefore, MRI may serve
as a triage test for men deemed to be at risk of prostate cancer
and may reduce the number of re-biopsies while at the same time
provide more useful information for those who are sent for biopsy.
Consequently, fusion of pre-biopsy MR images onto interoperative
TRUS images might increase the overall biopsy accuracy (Hu et al.,
2012; Kaplan et al., 2002; Singh et al., 2008; Xu et al., 2008). Fig. 1
shows the TRUS and the corresponding MR images of a prostate
where the area within the circle marks a tumor that is isoechoic
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Fig. 1. TRUS and corresponding MR images of a prostate. (a) The area within the circle shows a tumor isoechoic with the normal prostate tissue inside the gland while that
within the rectangle shows a hypoechoic tumor at the peripheral gland in the TRUS image, (b) the marked areas show the respective isoechoic and hypoechoic tumors with a

different contrast than the normal prostate tissue in the MR image.

and the area within the rectangle is hypoechoic in TRUS, but can be
seen with better contrast in the MR image.

The prostate of the same patient may undergo deformations un-
der certain conditions. The inflation of the endorectal coil inside
the rectum during MRI procedure, full bladder or bowel or gas in-
side the rectum, altered patient positions during the TRUS and MRI
procedures may deform the prostate. In order to cope with these
deformations, non-rigid registration methods (Alterovitz et al.,
2004; Avants et al., 2008; Baumann et al., 2009; du Bois d’Aische
et al., 2004; Chen et al., 2009; Mizowaki et al., 2002; Narayanan
et al,, 2009; Reynier et al., 2004; Xiao et al., 2010) need to be ap-
plied for prostate multimodal registration.

Spline-based deformations have been commonly used to regis-
ter prostate images or volumes. The interpolating Thin-plate
Splines (TPS) was originally proposed by Bookstein (1991) and in-
volves the establishment of a set of point correspondences on a
pair of images. However, these sets of correspondences are prone
to error in real applications and therefore Rohr et al. (2001) ex-
tended the bending energy of TPS to approximation and regulariza-
tion by introducing the correspondence localization error.
Nevertheless, all these methods (Bookstein, 1991; Rohr et al,,
2001) are dependant on a set of point correspondences on the pair
of images to be registered. On the contrary, Domokos et al. (2012);
Nemeth et al. (2009a,b) proposed a class of non-rigid registration
that does not require explicit point correspondences and instead
registers binary images solving a set of non-linear equations.

In this work, we have improved the generic non-linear registra-
tion framework of Domokos et al. (2012) by establishing prostate-
specific point correspondences and regularizing the overall defor-
mation. The point correspondences under the influence of which
the thin-plate bends are established on the prostate contours by
a method based on matching the shape-context (Belongie et al.,
2002) representations of contour points using Bhattacharyya dis-
tance (Mitra et al., 2012). The approximation and regularization
of the bending energy of the thin-plate splines are added to the
set of non-linear TPS equations and are jointly minimized for a
solution.

To evaluate the effects of the proposed extension to the existing
framework of Domokos et al. (2012) we have compared our meth-
od against two variations; (1) the method of Domokos et al. (2012)
where the TPS control points are placed on a uniform grid over the
prostate mask images, and (2) the non-linear TPS deformation
same as the previous, but with point correspondences established
by our proposed method and without the approximation and reg-
ularization of bending energy. The proposed method is also evalu-
ated against two commonly used spline-based deformable
registration methods of TPS (Bookstein, 1991; Rohr et al., 2001)
and B-splines (Rueckert et al., 1999).

The primary contributions of this paper may be summarized as
follows:

1. The use of shape-context and Bhattacharyya distance (Mitra
et al., 2012) to establish point correspondences on both fixed
and moving images,

2. the use of a prostate-specific TPS transformation in the non-lin-
ear framework of Domokos et al. (2012),

3. and constraining the non-linear diffeomorphism by adding the
approximation error and regularization of the TPS bending
energy.

The remaining of the paper is organized as follows: Section 2
discusses some works related to the TRUS-MRI fusion and applica-
tions of spline-based registration methods for prostate images.
Section 3 explains the proposed method of generating point corre-
spondences and the system of non-linear diffeomorphic equations
with the regularization, Section 4 provides the results of the exper-
iments and comparisons with other methods. Section 5 presents a
discussion related to the qualitative and quantitative registration
results and accuracy of the proposed method followed by conclu-
sions and further applications of the current method in Section 6.

2. Related work

Fusion of TRUS-MRI for guided needle biopsy of the prostate
was reported by Kaplan et al. (2002) where a set of axial pre-biopsy
MRI slices were rigidly registered with the axial ultrasound (US)
images acquired during a transrectal biopsy procedure. The regis-
tration was driven by the minimization of the corresponding fidu-
cials manually chosen in both the US and MR images. The
experiment was validated with two patient datasets with only
qualitative results provided as the results of the registration
process.

An improved system was proposed by Reynier et al. (2004) for
brachytherapy where manually segmented point clouds from
MRI and TRUS were used to either rigidly or elastically align MRI
with TRUS. The advantage of this system was the ability to model
potential nonlinear deformation between the two modalities using
octree splines (Szeliski and Lavallée, 1996). The elastic registration
results were validated using 11 patient cases with an average
residual distance of 1.11 +0.54 mm for surface points on TRUS
and MRL

Xu et al. (2008) presented a method for real-time registration of
US and MRI for guided prostate biopsies. Before the biopsy proce-
dure, a 3D TRUS volume (reconstructed from 2D axial sweep of the
prostate with a US probe attached to a electro-magnetic tracker)
was manually registered with a 3D MRI volume acquired previ-
ously using rigid body transformation. Thereafter an image based
registration was employed for motion correction between the in-
tra-operative 2D US frames and the reference US volume. A set of
2D frames within a short time frame were rigidly registered using
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a sum-of-squared differences (SSD) based minimization with their
respective 2D slices in the reference US volume. Finally, to further
compensate for in-plane prostate motion the current 2D US frame
and its corresponding reconstructed frame from the reference US
volume was registered using an image gradient and correlation
coefficient based registration. In patient studies for a new target
the average time taken for biopsy was 101 + 68 s. The registration
method was validated on phantoms with a registration accuracy of
2.4 + 1.2 mm. A total of 20 patient studies showed an average over-
lap between MRI and the US images as 90 + 7% after motion com-
pensation. The authors further validated their method with 101
patient cases (Kadoury et al., 2010) and the clinical results showed
significant improvement of target visualization and of positive can-
cer detection rates during TRUS-guided biopsies.

Narayanan et al. (2009) proposed elastic registration between
3D TRUS and 3D MRI surfaces using adaptive focus deformable
model (Shen et al., 2001) and elastic warping (Davatzikos, 1997)
for localization of prostate biopsy targets. The average fiducial reg-
istration error was shown to be 3.06 + 1.41 mm for 6 and 12 bead
phantoms.

Hu et al. (2012) proposed a model-to-image registration meth-
od to fuse a patient-specific biomechanically simulated finite ele-
ment-based statistical motion model of the pre-acquired MR
volume with the TRUS volume during biopsy procedure. The
deformable registration involved maximizing the likelihood of a
particular model shape given a voxel intensity-based feature that
provided an estimate of surface normal vectors at the boundary
of the gland. The registration was constrained by the statistical
motion model subspace. This statistical motion model subspace
accommodated the random TRUS probe induced deformations of
the gland. The median Root Mean Square (RMS) Target Registration
Error (TRE) for 8 patients with 100 MR-TRUS registration experi-
ments for each patient was found to be 2.40 mm.

Natarajan et al. (2011) also proposed elastic warping of MR vol-
ume to match the TRUS volume acquired for targeted prostate
biopsy. The fusion method involves rigid alignment of the two vol-
umes using manually selected anatomical landmarks and thereaf-
ter, the methods of Narayanan et al. (2009) and Karnik et al. (2010)
were used for surface deformation. The MR-fusion based targeted
biopsy was performed on 47 patients where a 33% biopsy-positiv-
ity rate was found versus a 7% positivity rate for systematic biopsy.
The biopsy procedure took 15 min with an additional 5 min for the
TRUS-MR fusion.

A recent work by Cool et al. (2011) suggested a pre-biopsy 3D
TRUS-MR fusion with a landmark-based rigid registration and a
subsequent deformable registration using TPS (Bookstein, 1991).
Thereafter an image-based registration using the methods of
Chrisochoides et al. (2006) and Ourselin et al. (2000) was per-
formed to rigidly register the intra-biopsy 3D TRUS and pre-biopsy
3D TRUS (already co-registered with the pre-biopsy MR). The
TRUS-TRUS rigid registration required 60 s. The MRI-TRUS fusion
study was carried out on 19 patients with a retrospective study
on five patients showing a mean TRE of 4.3 + 1.2 mm. Prostate can-
cer was identified in 42% (8/19) of all patients having suspicious
lesions.

TPS warping was also employed by Lu et al. (2000) to generate
statistical volumetric model of the prostate for localization of pros-
tate cancer. The registration error reported was too high to be con-
sidered for clinical procedures. The TRE for seven cases was
reported to be 295.66 pixels, but the physical dimensions were
not provided. Similarly, prostate MR volumes were warped using
TPS by Fei et al. (2003) for brachytherapy and the registration
was driven by the maximization of Normalized Mutual Informa-
tion (NMI). The accuracy of the registration showed that the lowest
prostate centroid displacement for a volume pair out of 17 volume
pairs was 0.6 mm.

Cheung and Krishnan (2009) registered prostate MR volumes
with and without the deformation of the endorectal coil using
TPS with manually placed correspondences. Although the qualita-
tive results were shown in terms of checkerboard overlap, the
quantitative registration error was not reported. Daanen et al.
(2006) used octree splines elastic registration to fuse TRUS and
MRI prostate volumes for dosimetric planning of brachytherapy.
The registration accuracy showed an average TRE of 2.07 +1.57
mm for four patients. Vishwanath et al. (2009) registered prostate
histological slices and MR slices to detect prostate cancer using
B-splines. Since the aim was to detect cancer, quantitative values
related to registration accuracy were not presented. A recent work
by Xiao et al. (2010) proposed to build a spatial disease atlas of the
prostate using both B-splines and TPS. However, only qualitative
results were presented.

Oguro et al. (2009) registered pre- and intra-operative MR
images for prostate brachytherapy using B-splines based deforma-
tion. The Dice Similarity Coefficient (DSC) value for the total gland
was reported as 0.91 and the fiducial registration error was
2.3 1.8 mm for 16 cases. The accuracies of surface-based and im-
age-based registration methods to register intra-session 3D TRUS-
TRUS volumes were evaluated by Karnik et al. (2010). The surface-
based registration involved a rigid registration using the iterative
closest point algorithm (Besl and McKay, 1992) and the non-rigid
registration was based on TPS. The image-based registration
employed the block-matching technique of Ourselin et al. (2000)
for rigid registration and the non-rigid deformation was defined
by a 3D uniform grid of B-splines control points. A total of 16
patient datasets were used in the evaluation of the registration
accuracies. The mean TRE for 60 fiducials for the TPS based regis-
tration was reported to be 2.09 + 0.77 mm and for the B-splines
based registration was found to be 1.50 + 0.83 mm. TRUS and MR
multimodal registration for TRUS interventional prostate biopsy
was investigated by Mitra et al. (2012, 2010). The method in Mitra
et al. (2010) was based on TPS with automatic point correspon-
dences and provided an average DSC of 0.97 £ 0.01 for a limited
cohort of 4 patient datasets. While, the method in Mitra et al.
(2012) used B-splines registration driven by maximization of
NMI of quadrature local energy of the multimodal images. The
average DSC obtained was 0.943 +0.039 for 20 patients axial
mid-gland slices, with an average TRE of 2.64 + 1.37 mm obtained
for 18 patients.

Analyzing the state-of-the art methods that exist for prostate
TRUS-MR image registration or are based on spline-based transfor-
mations, we observe that many methods provided clinically signif-
icant registration accuracies, while some methods provided target
registration accuracies greater than 3 mm. The methods that re-
ported the gland overlap accuracies exhibited significantly poor
overlap (approx. 90%). Additionally, few methods also required
manual intervention at some stage to drive the registration proce-
dure. In contrast, our proposed deformable registration method is
automatic and capable of providing improved global and local reg-
istration accuracies that seem to be necessary for TRUS-guided
biopsy procedure.

3. Method and materials

The aim of this work is to register a TRUS prostate image ac-
quired during biopsy with a pre-acquired MR image of the same
patient. Since the current proposition is to ascertain the feasibility
and accuracy of the registration algorithm for biopsy procedures,
the method requires an initial step of finding the MR slice corre-
sponding to the axial TRUS slice under observation. This is not dis-
cussed here and may be accomplished by using an electromagnetic
(EM) tracker attached to the TRUS biopsy probe (Xu et al., 2008) or
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a 3D US-based tracking system (Baumann et al., 2012). Slice corre-
spondences are therefore determined manually by an expert for
the proposed research.

In this work, after the TRUS-MR slice correspondences are
established, the prostate is manually segmented from the respec-
tive modalities. Although, our research team is investigating on
automatic prostate segmentation methods from both TRUS and
MRI (Ghose et al., 201143, 2010, 2011b), we use manual segmenta-
tion to avoid incorporating the segmentation errors in the evalua-
tion of the registration algorithm. The choice of an automatic or
semi-automatic prostate segmentation method can be made from
the review paper published by Zhu et al. (2006). The point corre-
spondences required for the algorithm are established by the
method explained in Section 3.1.1. The non-linear registration as
described in Section 3.1.2 involves TPS transformation of the mov-
ing MR image non-linearized by a set of polynomial functions. The
registration process aims to minimize the difference between the
fixed image and the TPS transformed moving image both non-lin-
earized by the same set of polynomial functions. In addition, the
TPS bending energy is minimized with a regularization and consid-
ers the localization errors of the point correspondences. The sche-
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ma of the proposed registration method is shown in Fig. 2. The
rectangles in dotted lines represent the point correspondences
method of Section 3.1.1 and the overdetermined system of equa-
tions for the non-linear registration framework of Section 3.1.2
respectively.

3.1. Method

3.1.1. Shape-contexts and point correspondences

The segmented prostate contour points are uniformly sampled
using fixed Euclidean distance of ¢ i.e. if ¢; is a contour point,
i=1,...,N, then find the number of points N, such that
argmax|c; —¢|> <&, i#j. (1)

j

Fig. 3 shows the uniformly sampled segmented contours on the
TRUS and MR images.

Let the number of uniformly sampled points now be repre-
sented as n, then each sample point ¢; may be represented by a
shape descriptor that is a n — 1 length vector of log-polar relative
distances to points ¢;, where i # j. The shape descriptor is binned

I v | v
K K Extract prostate . .
Moving MR Fixed TRUS Binary TRUS Binary MR
contours
|
‘L Parametric TPS
Convert to shape- Bhattacharyya deformation
contexts coefficient model
Point Non—llnear Polynomlal )
functions
correspondences

Approx. &

Regularization of
bending energy

Non-linear functions
+ integrated over
binary images

LM Solver

Converges?

TPS gray-level
transform

No Update TPS
parameters

Transformed
MR

Fig. 2. Schema diagram of the proposed registration framework.

A ettt b, o

+*
>
‘0

Fig. 3. Uniformly sampled contours. (a) and (b) are the uniformly sampled segmented prostate contours on the TRUS and MR images respectively.
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into a histogram that is uniform in log-polar space and this histo-
gram is the shape-context representation of a contour point
(Belongie et al., 2002) i.e. ¢; is represented by a histogram h;(k, 0)
such that

hi(k,0) = #{c;,i #j: (ci — ¢;) € bin(k, 0)}. (2)

k is the logr = log(\/(xn —x1)* + (X2 — X2)?) and 0 = tan~! 2222 of

Xj1 —Xi1
the relative distance (c; — ¢;), where, ¢; = (xi1,X) and ¢; = (Xj1,X;2)-
As suggested by Belongie et al. (2002), a total of 5 bins are consid-
ered for k and 12 bins for 0 that ensures that the histogram is uni-
form in log-polar space. This also means that more emphasis is
given to the nearby sample points than those that are far away.

In the original work of Belongie et al. (2002), the point corre-
spondence between two shapes is obtained by a bipartite graph
matching method. However, in this work we choose to compute
the Bhattacharyya distance (Bhattacharyya, 1943) between the
shape-context histograms of two shapes to find the point corre-
spondences. The bipartite graph matching using the Hungarian
method (Papadimitriou and Stieglitz, 1982; Jonker and Volgenant,
1987) is robust with O(n®) time complexity in finding point corre-
spondences in shapes which are significantly different and belong
to different shape categories (Belongie et al., 2002) e.g. correspon-
dences between bird and elephant or bone and apple, etc. How-
ever, we considered the Bhattacharyya distance since, it finds
point correspondences with O(n?) time complexity and is sufficient
for shapes such as prostate contours in TRUS and MRI which do not
significantly differ from each other except for some deformation.
Thus, to match a point ¢; in a shape to a point ¢; in another shape,
the Bhattacharyya coefficients between the shape-context histo-
grams of ¢; and all ¢; are computed and the ¢; that maximizes the
relation in Eq. (3) is chosen as the corresponding point.

5 12
argmax > \/hi'(k.0).0]" (k.0), 3)
/ 0=1

C:
J

where, h!' (k, 0) and hj’-N (k,6) are the normalized shape-context histo-
grams of ¢; and ¢; respectively.

Fig. 4 shows the log-polar bins of a histogram, the histograms of a
point correspondence in two shapes and the contour correspon-
dences overlaid on the TRUS and MR prostate shapes. Fig. 5 addition-
ally shows some examples where the prostates are significantly
deformed in the MR image than the TRUS image. Nonetheless,
Bhattacharyya distance could successfully extract point correspon-
dences on the prostate contours.

The first point correspondence established on both the TRUS and
MR prostate boundaries is marked with a ‘%’ in the posterior part of
the axial gland in Fig. 4b and c respectively. This point is obtained in
the TRUS image as the intersection point of the longitudinal princi-
pal axis with the boundary. The first two principal axes are com-
puted from the principal component analysis of all the contour
points of the prostate shape in TRUS. The 8 point correspondences
are chosen on the prostate boundary with the rationale of capturing
the inflexions of the prostate curve. Therefore, once the first point at
the posterior part of the gland is defined on the TRUS boundary, the
remaining seven points are automatically placed dividing the total
number of uniformly sampled contour points by 8. Thereafter, the 8
point correspondences are searched for in the MR image using the
afore-mentioned method.

It is evident from the Fig. 4b and c respectively that the corre-
spondences are explicitly defined on the prostate contours. There-
fore, the regularization of the correspondences will not take the
correspondences inside the prostate gland into account and may
cause deformations of the gland that are not acceptable for clinical
procedures. Hence, the prostate centroids and 4 other points that
are the midpoints of the straight lines between ‘%’ and ‘+’, ‘+’
and ‘x’, ‘x’ and ‘¢’ and ‘¢’ and ‘%’ respectively are considered
(see Fig. 6). The manner in which the internal points are formed
i.e. by the mid-points of the lines joining the boundary control
points in alternating sequence starting from the first point (‘%’),
is necessary to ensure that the control points are placed inside

1 23 4 56 7 8 9 10 1112 1
Theta

(d)

234 56 7 8 9 10112 1
Theta Theta

(e) (f)

2 3 4 56 7 8 9 101112

Fig. 4. Point correspondences example. (a) Log-polar histogram bins; (b) contour points in TRUS; (c) point correspondences of (b) in MR; (d) log-polar shape-context
histogram of ‘o’ in (b); (e) log-polar shape-context histogram of ‘o’ in (c); both (d) and (e) show visual correspondence; (f) histogram of ‘x’ in (c) does not show visual
correspondence with histogram in (d). The x-y axes in the log-polar shape-context histograms correspond to 6 and logr respectively.
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Fig. 5. Point correspondences on TRUS and MR prostate contours using Bhattacharyya distance. The left column shows the TRUS images and the right column shows the MR
images. The MR images show deformed prostates than those on the TRUS images. The 8 point correspondences are marked in ‘red’. (For interpretation of the references to

colour in this figure legend, the reader is referred to the web version of this article.)

the prostate gland and yet not too close to the boundary control
points. The 13 point correspondences finally established may be
termed as p;, where, i = 1,...,13 for further references.

3.1.2. Non-linear diffeomorphism

To align a pair of binary shapes, let us consider the moving and
the fixed images be X = [x;,X;] € R* and y = [y;,y,] € R? respec-
tively, such that there exists a bijective transformation ¢(.) be-
tween the images as

V=0KX) = x=¢'(y). (4)

The deformation field ¢(.) can be decomposed for the 2D coordi-
nates respectively as @(x) = [¢,(X), ®,(X)], where @,, @, : B> — R.
If explicit point correspondences are not established then the diffe-
omorphism is obtained by integrating over the foreground pixels of
the fixed and moving image domains I; and I, respectively (Domo-
kos et al., 2012):



J. Mitra et al./Medical Image Analysis 16 (2012) 1259-1279 1265

(b)

Fig. 6. Point-set of correspondences on TRUS and MR images. Correspondences inside the prostate are shown by white ‘e’s. The dashed line signifies that the white ‘o’ falling
on the line is the mid-point of the same joining the correspondences established on the contour.

/,f ydy = / P, (X)]dx, (5)

where the integral transformation y = ¢(x) and dy = |/, (x)|dx.
ol R?> — R is the Jacobian determinant of the transformation at
each foreground pixel of the moving image as

%& %&

N S X2

Up 001 = | g e (6)
o oxy

It is to be noted that the identity relation of Eq. (4) is also valid un-
der the influence of a set of non-linear functions wy(.): R?> — R,
k=1,...,1(Domokos et al., 2012), acting on both sides of Eq. (5) as

oY)y = [ on(@(x)),(X)dx. )

Iy Im

Therefore to estimate the parameters of the transformation the
number of non-linear functions I, must be larger than the number
of parameters to generate a set of linearly independent equations.

In this work, the underlying transformation is considered to be
the radial-basis function of TPS where the foreground pixels of the
moving image deform under the influence of the control points
p; € R? established by the method of Section 3.1.1. The TPS trans-
formation may be written as

n
P,(X) = QX1 + QX + A3 + Y Wi U(p; — X), (8)
i=1
where,i=1,...n,v=1,2, U: R — R is the radial-basis function as
U(r) =r?logr?, a,, a,, and a,; are the 6 affine parameters and w;,
are the 2n TPS weight parameters for the control points. The addi-
tional constraints for the TPS interpolation are that the sum of the
weights applied to the plate as well as moments with respect to
both axes should be 0 to ensure that the plate will not deform under
the action of the loads and are given as

n n
wa,, =0 and Zp,—uw,-,, =0,u,v=1,2. (9)
i=1 i=1

If, ¢ :R? - R2, @(X)=[p;(X),,(x)]" represents a TPS map with

6 + 2n parameters, then the Jacobian J,(x) is composed of the par-
tial derivatives (Domokos et al., 2012) given below (u,v =1,2)

a(pv _ 5 2 l 2
= G = > 2Wia Py, — %) (1 + log(Ip; — X)) (10)
Xy i=1

where, ||.|| is the Euclidean norm.

However, the transformation of Eq. (8) when replaced in Eq. (7)
will only consider the point set on the moving image under the
influence of which the image deforms to match the fixed image,
therefore, the gray-level deformations of the regions inside the

prostate may not be meaningful for clinical applications. The corre-
spondences p;, established across the fixed and moving image

domains as p} = [p{,“ ,p{,iz] and pI" = {p;’i’],p;’i'z}? i=1,...,n respec-
tively, play an important role in constraining these deformations.
We introduce the bending energy of the TPS along with the corre-

spondence localization errors (Rohr et al., 2001) as an additional
constraint to solve the set of equations in Eq. (7) as

P\ 2\ [\
= - m m
| ) (6192:12) +2<8P£;8P2':2) : (817;::3) o P

(11)

where, {: R? — R?, { = [(;(pI"), 2(pM)] is the transformation of the
point correspondences established on the moving image to match
with those of the fixed image.

n
{=0o(Dl) = anDf +anbf, +as + Y wi,Upe —pf), v =1,2.

=

(12)

The 1st and 3rd terms in Eq. (11) may be written analytically as
follows:

P N w Py 2P PR
X 11%”2 :Zzwj” 1+log(’pi - ] H )+"7’92 Cu=1.2
pX,'u j=1 lem _ pjm
(13)
and the 2nd term in Eq. (11) can be written as
2 n m __ pm m __ pm
% = 4w, (P, — Py %, > P,) . v=1.2. (14)
px“ px,-z p;-" _ p}mH

j=1 ’

Finally, the equation acting as a constraint is the regularized TPS
bending energy with the quadratic approximation term that con-
siders the correspondence localization error is

2
;iWHEWS -0, (15)

where, g?s are sum of the variances of the correspondences be-
tween the fixed and moving images i.e. 62 = o{ 2 + 2. The param-
eter / is a regularization factor set with a small value 0.0001 that
ensures that the thin-plate adapts well to the deformation of the lo-
cal structures (Rohr et al., 2001). Finally, {(p}") is obtained from Eq.
(12) and Egps from Eq. (11).

The adopted set of non-linear functions in Eq. (7) are the power
functions as proposed in Domokos et al. (2012)
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O (X) = X{x5, (16)

with (a, by) € ((0,0),(1,0),(0,1),(1,1), (2,0),(0,2),(2,1), (1, 2),
(2,2),...,(6,6)). The total number of parameters to be estimated
is 32 that comprises of 6 affine and 13 x 2 TPS weight parameters
for 13 correspondences. Therefore, 49 linearly independent equa-
tions are generated using the power set of wy(.) functions with addi-
tional 4 equations for Eq. (9) and one for Eq. (15). The solution to the
set of non-linear equations i.e. Eq. (7), Eq. (9) and Eq. (15) is obtained
using Levenberg-Marquardt (LM) algorithm (Marquardt, 1963). It is
to be noted that depending on the ) functions in Eq. (7), numerical
instability may arise due to the summation of the polynomial func-
tions, i.e. the power functions wy(.) act on the set of coordinate val-
ues of the images, therefore summing up the coordinate values
(raised by some factor) would result in very large values. In order
to solve this problem, the foreground pixels of the moving and fixed
images are normalized within a unit square [-0.5,0.5] x [-0.5,0.5]
so that the shape centers become the origins while the range of wy
functions are chosen within the interval [-1, 1]. A detailed explana-
tion on the normalization of the image coordinates and the interval
of wy(.) functions is provided by Domokos et al. (2012).

3.2. Materials

The TRUS images were acquired using a 6.5 MHz side-firing
probe with SIEMENS Allegra and TOSHIBA Xario machines and the
axial T2 fast relaxation fast spin echo MRI slices with slice thickness
of 3 mm, repetition time of 3460-3860 ms and echo time of 113.62-
115.99 ms were acquired with a 1.5 Tesla GE Signa HDxt. Prostate
mid-gland images of 20 patients with average prostate volume of
56.7 £22.0cm> are used for the evaluation of our algorithm.
The prostate images used for the experiment have an average size
of 249 x 219 pixels with a pixel dimension being 0.2734
mmx0.2734 mm. The axial middle slices in TRUS are chosen for
which the corresponding axial MR slices are identified by one
expert radiologist and one expert urologist. The axial TRUS slice
may not always have the exact orientation of the MR axial slices
since the TRUS probe orientation is unknown. Therefore, instead
of quantifying the probe angle in our experiment, we validated
the algorithm on those axial TRUS slices that seem to be parallel
with the axial MR slices as identified by the experts. Axial sweeps
of the prostate gland from base to apex/mid-gland are only avail-
able for 2 patient cases in TRUS whose corresponding MR slices
could also be identified. Therefore, these two cases are used to show
the accuracy of the proposed registration method for off-mid-gland
TRUS-MR slices. The prostates are manually segmented from both
the moving MR and fixed TRUS images. The image backgrounds
are removed and only a region of interest i.e. the prostate is used
for the evaluation of the algorithm. The proposed point correspon-
dence and registration methods were implemented on MATLAB
2009(b) and were run on an Intel Core2Duo 1.66 GHz processor
with 2 GB RAM.

4. Experiments and results

The TRUS slice is the fixed image and the respective MR slice is
the moving image for all the experiments. The registration accura-
cies that measure overlap are evaluated in terms of Dice Similarity
Coefficient (DSC) (Dice, 1945) and 95% Hausdorff Distance (HD)
(Huttenlocher et al., 1993). Local registration accuracies of anatom-
ical structures inside the prostate gland are measured by Target
Registration Error (TRE) and Target Localization Error (TLE) (Maur-
er et al., 1993; Maurer et al., 1997).

DSC is a measure of overlap of the same foreground labels (E)
between the transformed moving image (M(E)) and the fixed im-
age (F(E)) and is given by

2(M(E) N F(E))

P ME e

(17)
This means that a high DSC (> 90%) signifies a good overlap be-
tween the prostate regions after registration.

Given a finite set of points A = {a;,...,a,} and B= {by,... b},
the Hausdorff distance between the point sets is defined by

HD(A, B) = max(h(A, B), h(B,A)) (18)
where
h(A,B) = max(minjja - bl (19)

The HD measure plays a significant role in identifying the similarity
between the deformed moving image contour and the fixed image
contour. A low value of HD signifies good contour registration accu-
racy. Therefore, even if a DSC measure signifies good region overlap,
the HD measure may not signify a good contour registration.

A target is an anatomical landmark in the patient’s body and is
normally the centroid of a lesion, tumor, gland, etc. that is not used
to compute the transformation of the moving image to the fixed
image. TRE is the root mean square distance of such homologous
targets tp; and tg;,i=1,2,---,N on the moving and the fixed
images respectively and is given by

N

TRE= [ (T(p) - g (20)

i=1

where, T(.) is the transformation of the moving image. The targets
used in our experiments are primarily the centroids of lesions and
tumors in the central gland, the prostatic urethra, sometimes the
centroids of tumors in the peripheral region and the centroid of
the central gland in few cases where lesions or other homologous
structures are not visible in TRUS as in the corresponding MRI.
One target for each pair of TRUS and MR image is used for the
experiments. The repeatability error in the localization of the tar-
gets is given as the TLE computed from the centroids of manually
selected regions from five independent trials by an experienced
radiologist and an experienced urologist. A low TRE and a low TLE
values signify good local registration accuracy. The clinical signifi-
cance of TRE is the accuracy in identifying the anatomical targets
in the deformed moving image. Actual TRE values may also incorpo-
rate TLE values, which is useful for clinical purposes to avoid under-
estimation of the true TRE values.

Various experiments are performed owing to the selection cri-
teria of the number of boundary and internal control points for a
smooth and accurate deformation of the prostate gland and its
internal structures. The validations of such experiments with vary-
ing number of control points are shown in Section 4.1. The exper-
imental results with different registration methods are shown in
Section 4.2. The validation of registration accuracies on a subset
of patients when automatic segmentation is used is shown in Sec-
tion 4.3 and experimental results for the validation of the proposed
registration method for off mid-gland slices are shown in Section
4.4. A comprehensive statistical analysis of the results is presented
in Section 4.5.

4.1. Control points

As mentioned in Section 3.1.1 that a total of 8 point correspon-
dences are required on the boundary and 4 internal points along
with 1 point on the prostate centroid for a smooth deformation.
Therefore, to validate the number of boundary and internal points,
several experiments are performed with less and more than 8
boundary points along with the internal points generated in an
alternating manner as mentioned in Section 3.1.1.
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The first experiment is done with only 6 points on the boundary
and the internal points are generated accordingly as the mid-
points of the lines joining the alternate boundary points starting
from the first point ‘%’ as shown in Fig. 7. It can be seen clearly
from Fig. 7a and b respectively that the inflexion points at the pos-
terior parts of the prostate axial slices are not captured properly.

The following experiment is done increasing the number of
boundary points from 8 (proposed) to 10. Accordingly the internal
points are also generated. Fig. 8a and b show the 10 boundary and
five internal points along with one prostate centroid. Although the
boundary has several points to capture the inflexions of the pros-
tate curve, the internal points generated are placed near the
boundaries. This may result in distorted deformations of the pros-
tate internal structures.

Finally an experiment is performed using eight boundary points
without any internal points or centroid. Fig. 9a and b show the
point correspondences placed on the boundary for the TRUS and
the MR prostate images respectively. Table 1 shows the registra-
tion accuracies in terms of DSC, TRE and TLE for the experiments
performed with varied number of control points for all 20 patient
cases. M1 is defined for six boundary points and four internal
points, M2 is defined for 10 boundary points and 6 internal points
and M3 is defined for eight boundary points and no internal points.
These abbreviations are being consistently used in the remaining
document. As shown by the DSC values of Table 1 that with varying
point correspondences on the boundary, the global registration
accuracies do not change significantly by the virtue of the diffeo-
morphic function. However, the local registration accuracies mea-
sured in terms of TRE have a lot of variation between the different
methods M1, M2 and M3 respectively. Fig. 10 shows the qualitative
registration results using the proposed method with different sets
of control points for patient 6. Although the qualitative results with

M1 and M2 (rows 2 and 3) do not show significant differences with
the proposed eight boundary and five internal points (last row), the
unconstrained deformation in the absence of the internal points is
seen for the method M3 (row 4), i.e. the prostatic urethra in the de-
formed image is away from that on the fixed image.

4.2. Registration methods

The proposed method and its two variants as mentioned in Sec-
tion 1 are replaced by acronyms for further references as NLTPS-
REGCORR (proposed), NLTPS-UNI (non-linear TPS with control
points placed on a uniform grid) and NLTPS-CORR (non-linear
TPS with proposed point correspondences without regularization
of bending energy) respectively. The method in NLTPS-REGCORR
and NLTPS-CORR use 13 point correspondences established by
the method in Section 3.1.1. A total of 16 uniform grid-points are
used for NLTPS-UNIL. We have quantitatively compared the regis-
tration results of NLTPS-REGCORR against NLTPS-UNI, NLTPS-
CORR, traditional TPS (Rohr et al., 2001) and B-splines (Rueckert
et al.,, 1999) method with their global registration accuracies in
terms of DSC, 95% HD, local registration accuracies in terms of
TRE, TLE and timing requirements in Tables 2 and 3 respectively.
The traditional TPS (Rohr et al., 2001) registration method is used
with a total of 32 point correspondences on the boundary with five
internal points as discussed in Mitra et al. (2010). The B-splines
registration follows a multiresolution framework in three spatial
resolutions and uses uniform control grids with 16 x 16 pixel spac-
ing in the final resolution (Kroon, 2008). Table 3 also shows the
number of uniform control grids used for the B-splines (Rueckert
et al., 1999) registration. It is to be noted that the traditional TPS
requires a total of 37 point correspondences to provide a smooth
transformation, while our proposed method can perform well with

(b)

Fig. 7. 6 point correspondences on the boundary with 3 internal points and 1 point on prostate centroid. The ‘#’'s mark the first set of point correspondences on the boundary.
(a) Point sets on the TRUS image, (b) corresponding points of TRUS image on the MR prostate image.

(b)

Fig. 8. 10 point correspondences on the boundary with five internal points and one point on prostate centroid. The ‘#’s mark the first set of point correspondences on the
boundary. (a) Point sets on the TRUS image, (b) corresponding points of TRUS image on the MR prostate image.
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(b)

Fig. 9. 8 point correspondences on the boundary with no internal points or centroid. The ‘#’s mark the first set of point correspondences on the boundary. (a) Point sets on
the TRUS image, (b) corresponding points of TRUS image on the MR prostate image.

Table 1

A comparison of global and local registration accuracies for the proposed method with varying control points. M1 is the acronym for 6 boundary points and 4 internal points, M2
is the acronym used for 10 boundary points and 6 internal points and M3 is the acronym used for 8 boundary points and no internal points. P# represents the patient number, y is
the mean and ¢ is the standard deviation of the measures. A high DSC value signifies good global registration accuracy, while a low TRE and TLE signifies good local registration
accuracies around anatomical landmarks.

P# Varying point correspondences
M1 M2 M3
DSC TRE (mm) TLE (mm) DSC TRE (mm) TLE (mm) DSC TRE (mm) TLE (mm)

1 0.974 1.08 023 0.957 2.79 0.09 0.968 237 0.25
2 0.985 1.78 0.06 0.985 1.46 0.05 0.978 1.29 0.05
3 0.980 2.29 0.07 0.981 1.22 0.04 0.980 0.98 1.14
4 0.986 3.01 0.50 0.988 2.39 0.30 0.984 1.85 0.84
5 0.984 0.79 0.05 0.979 0.59 0.07 0.978 1.39 0.95
6 0.970 0.39 0.03 0.973 0.26 0.04 0.971 1.76 0.05
7 0.984 3.89 0.09 0.982 3.60 0.12 0.985 12.05 0.03
8 0.981 5.59 0.20 0.984 2.08 0.58 0.981 2.30 0.32
9 0.983 1.33 0.28 0.981 1.98 0.15 0.981 1.87 0.24
10 0.985 3.98 0.05 0.986 4.03 0.04 0.986 4.15 0.03
11 0.983 2.38 0.08 0.982 1.93 0.08 0.980 2.81 0.05
12 0.982 1.15 0.26 0.982 0.98 0.32 0.981 1.33 0.26
13 0.984 3.84 0.06 0.981 5.21 0.05 0.983 5.64 0.07
14 0.982 0.65 0.04 0.986 0.46 0.02 0.986 2.52 0.04
15 0.984 14.05 0.08 0.982 14.07 1.10 0.984 17.40 0.07
16 0.985 291 0.09 0.979 1.44 0.08 0.980 2.08 0.10
17 0.981 2.12 0.28 0.982 1.87 0.19 0.984 245 0.16
18 0.977 0.67 0.30 0.980 1.42 0.28 0.980 0.60 0.33
19 0.979 1.96 0.08 0.979 2.05 0.04 0.978 1.36 0.17
20 0.976 0.76 0.21 0.982 1.13 0.36 0.984 0.60 0.19
n 0.981 2.73 0.15 0.981 2.55 0.20 0.981 3.34 0.27
c 0.004 3.01 0.12 0.006 2.98 0.26 0.005 4.16 0.33

The bold values signify the average and standard deviations for the registration accuracy and are of importance while evaluating the overall efficacy of the proposed method.

only 13 point correspondences. The traditional TPS finds the trans-
formation as a solution to a least-squares problem. Any least-
squares solution requires an over-determined system of equations
to provide numerically stable solutions. Therefore, the traditional
TPS uses more number of control points than our proposed method
since only one equation is associated with each control point. On
the contrary, a set of power function polynomials are involved with
each control point for our method; thereby providing an over-
determined system of equations with less number of control
points. Since the B-splines of Rueckert et al. (1999) uses uniform
control grid; therefore a consistent number of control points sim-
ilar to the traditional TPS or the proposed method could not be
used. Fig. 11 shows some results of the transformation using the
methods NLTPS-UNI, NLTPS-CORR and NLTPS-REGCORR respec-
tively. The results for patients 7, 8, 11 and 12 are shown in each
column. Fig. 12 shows some of the results of TRUS-MR fusion with
traditional TPS and B-splines and the corresponding results using
our proposed method. The TPS uses point correspondences as de-
scribed in Mitra et al. (2010) and the B-splines used uniform grids.
The results for patients 1, 5, 15 and 17 are shown in columns. The

choice of a different set of patient cases for Fig. 12 ensures that
more qualitative results obtained from the proposed algorithm
are shown. Moreover, the results that are unbiased towards the
proposed method and have acceptable registration accuracies
when traditional spline-based methods are used are also
presented.

4.3. Automatic segmentation

The registration methods as discussed in Section 4.2 are per-
formed using manually segmented prostate contours for both the
TRUS and MR images in order to avoid the automatic segmentation
errors in the process of evaluating the registration accuracies.
However, we have used 10 patient cases i.e. patients 5-14 among
the 20 patients to evaluate the sensitivity of the registration accu-
racies when an automatic segmentation method is employed. The
method of Ghose et al. (2011a) is used to segment the prostate
from both the TRUS and MR images. Fig. 13 shows the final seg-
mented contours in red lines for the TRUS and the MR images,
the point correspondences placed accordingly and the qualitative
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Fig. 10. Deformation of the prostate gland with different sets of control points for Patient 6. Row 1 shows the TRUS and the MR images, row 2, 3 and 4 show the qualitative
results of methods M1, M2 and M3 respectively and row 5 shows the results with the proposed optimum set of control points.

registration results for the same patient case. It is observed from
the figure that the automatic segmentation of the prostate contour
in the MR image has the maximum overlap with the manual seg-
mentation while a satisfactory overlap is obtained for the prostate
contour in the TRUS image.

Table 4 shows the DSC, HD, TRE and TLE values for the 10 pa-
tients (patient 5-14). It is to be noted that despite some segmenta-
tion inaccuracies induced by the automatic segmentation process;
the registration accuracies do not change significantly when com-
pared to the registration with manually segmented contours.
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A comparison of registration accuracies of the non-linear TPS registration NLTPS-UNI, NLTPS-CORR, NLTPS-REGCORR, traditional TPS and B-splines respectively. x is the mean and
o is the standard deviation of the measures. A high DSC and low TRE and TLE values signify good registration accuracy.

P# NLTPS-UNI NLTPS-CORR NLTPS-REGCORR TPS Rohr et al. B-splines Rueckert et al.
(2001) (1999)
DSC TRE TLE DSC TRE TLE DSC TRE TLE DSC TRE TLE (mm) DSC TRE TLE (mm)
(mm) (mm) (mm) (mm) (mm) (mm) (mm) (mm)
1 0979 2.30 0.12 0944 - - 0968 1.28 0.28 0971 9.36 0.22 0902 5.07 0.10
2 0.987 2.59 0.09 0.989 5.00 0.21 0981 1.34 0.07 0.957 3.98 0.10 0.980 0.37 0.09
3 0.987 2.63 0.03 0.984 5.80 0.09 0980 1.12 0.09 0974 7.92 0.13 0973 9.93 0.11
4 0989 142 0.07 0.989 2.76 0.02 0982 0.93 0.54 0982 5.21 0.49 0985 1.91 0.28
5 0990 1.63 0.03 0.989 3.97 0.06 0979 0.50 0.08 0972 211 0.07 0.889 9.08 0.04
6 0.989 7.03 0.78 0.990 3.24 0.04 0971 0.29 0.03 0979 1.17 0.05 0.869 6.11 0.04
7 0.989 14.29 0.26 0.987 13.99 0.50 0984 3.86 0.10 0977 443 0.12 0959 0.90 0.12
8 0992 - - 0.988 7.55 0.08 0979 1.23 0.11 0978 3.57 0.05 0976 4.70 0.03
9 0.987 1.89 0.02 0.988 1.99 0.03 0981 1.10 0.24 0978 2.70 0.46 0960 1.56 0.41
10 0989 2.15 0.02 0.989 3.07 0.02 0984 3.58 0.03 0972 6.09 0.04 0952 8.29 0.09
11 0990 12.95 0.38 0.989 12.68 0.34 0980 2.63 0.07 0972 298 0.12 0962 6.12 0.04
12 0982 1.11 0.05 0980 1.35 0.12 0981 0.94 0.21 0971 2.44 0.12 0944 1.58 0.25
13 0985 747 033 0.986 6.22 0.34 0983 4.54 0.07 0.980 3.06 0.07 0961 1.00 0.05
14 0989 10.64 0.28 0991 7.28 0.21 0986 0.24 0.05 0986 1.75 0.07 0.896 7.32 0.05
15 0987 1.60 0.09 0.988 3.47 0.06 0984 1.65 0.07 0.968 2.29 0.07 0942 5.01 0.05
16 0984 491 0.06 0.986 3.40 0.02 0.980 2.01 0.10 0970 1.86 0.07 0974 7.27 0.13
17 0984 1.11 0.10 0.987 3.22 0.08 0982 1.30 0.27 0982 0.18 0.32 0.894 4.32 0.12
18 0.985 0.65 0.02 0983 1.26 0.01 0979 134 0.23 0.982 0.91 0.26 0.985 0.51 0.26
19 0983 3.08 0.20 0.983 3.66 0.13 0978 1.14 0.12 0983 1.47 023 0936 5.12 0.19
20 0985 1.61 0.04 0.986 2.41 0.17 0983 1.07 0.19 0973 3.11 030 0939 5.03 0.20
n 0987 427 0.16 0.985 4.86 0.13 0980 1.60 0.15 0975 3.33 0.17 0.944 4.56 0.13
g 0.003 4.20 0.19 0.010 3.49 0.13 0.004 1.17 0.12 0.007 2.33 0.14 0.036 2.98 0.10

The bold values signify the average and standard deviations for the registration accuracy and are of importance while evaluating the overall efficacy of the proposed method.

Table 3

Comparison of registration accuracies in terms of 95% HD and timing requirements for NLTPS-UNI, NLTPS-CORR and NLTPS-REGCORR, TPS (Rohr et al., 2001) and B-splines
(Rueckert et al., 1999) registration methods. i signifies the mean values and ¢ the standard deviation. A low HD value corresponds to good contour registration accuracy.

P# NLTPS-UNI NLTPS-CORR NLTPS-REGCORR TPS (Rohr et al., 2001) B-splines (Rueckert et al., 1999)
Time (s) HD (mm) Time (s) HD (mm) Time (s) HD (mm) Time (s) HD (mm) Grid Time (s) HD (mm)
1 92.15 1.51 87.62 3.13 87.58 1.89 50.15 1.84 12x20 147.32 9.35
2 72.21 0.78 67.78 0.78 67.93 1.07 22.71 2.32 13x15 98.30 1.07
3 122.02 1.47 115.19 1.64 115.05 1.74 83.91 2.09 15x20 126.30 2.08
4 123.66 0.82 116.91 0.94 109.70 1.30 94.58 1.40 17x19 140.47 1.07
5 111.06 1.07 105.54 0.82 105.73 1.30 55.35 2.35 14x19 107.82 8.06
6 99.08 0.82 93.81 0.82 93.46 1.98 47.20 2.32 14x18 89.98 6.16
7 175.63 1.10 166.81 1.56 171.96 1.64 153.14 2.61 18x22 146.59 5.04
8 129.14 0.73 123.68 1.07 125.78 1.56 96.95 2.96 17x20 192.83 3.38
9 138.08 2.56 130.89 2.23 134.11 2.86 99.88 2.39 17x20 218.27 493
10 131.82 1.04 130.90 1.04 124.41 1.30 89.56 1.98 18x19 214.63 5.98
11 124.86 0.94 124.21 0.94 122.08 2.14 65.33 2.22 15x19 146.87 3.03
12 115.77 0.94 115.59 1.47 123.65 1.64 85.82 5.00 17x19 163.02 4.60
13 132.74 1.30 130.64 1.30 125.23 1.30 84.02 1.84 16x20 141.72 4.83
14 106.81 1.04 122.51 1.04 99.38 1.04 57.14 0.82 14x19 100.61 6.50
15 112.38 1.07 105.28 1.10 105.48 1.30 70.43 2.22 16x18 110.42 6.06
16 106.42 1.74 98.15 1.40 112.74 1.51 62.91 2.71 15%x19 209.27 2.90
17 90.26 1.10 84.55 0.73 84.30 1.30 4414 1.04 15x16 73.57 7.18
18 125.64 1.30 119.38 1.56 118.90 1.82 72.02 1.64 17x18 195.15 2.32
19 158.11 2.86 149.98 2.32 150.53 2.56 126.19 1.66 19x20 135.03 7.01
20 101.42 1.10 95.34 1.16 97.42 1.30 62.99 2.08 16x18 186.74 5.51
n 118.46 131 114.24 1.35 113.77 1.63 76.22 217 - 147.25 4.85
g 23.54 0.57 23.05 0.61 2343 048 29.79 0.85 - 43.81 2.30

The bold values signify the average and standard deviations for the registration accuracy and are of importance while evaluating the overall efficacy of the proposed method.

4.4. Registration of non mid-gland slices

The proposed registration method has been evaluated with one
axial mid-gland slice for each of the 20 patients. However, 2D
sweeps of the prostate from base to apex/mid-gland in TRUS are
available for two patients 6 and 7 respectively. Therefore, to vali-
date the proposed registration method for non mid-gland slices
the afore-mentioned patient datasets are used. Since a tracking
system is not used with the TRUS probe, the probe angle cannot
be retrieved; that obviates an assumption in the validation process
that the TRUS slices are parallel to the corresponding MR slices. A
total of nine axial slices are taken for patient 6 and 7 axial slices for
patient 7 respectively. Table 5 shows the slice-by-slice registration

accuracies for the patients 6 and 7 in terms of DSC, TRE and TLE.
Fig. 14 shows the TRUS-MR slices from base to apex for patient 6
and their qualitative registration results.

Table 6 summarizes the different experiments performed for
mid-gland/non mid-gland registrations with manual/automatic
segmentation on different patient cohorts.

4.5. Statistical analysis

4.5.1. Control points

It is observed from Table 7 for a varied number of control points
(M1, M2 and M3) and for the proposed with 13 control points
(NLTPS-REGCORR) that the average DSC values are almost similar.
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Fig. 11. Qualitative registration results of NLTPS-UNI, NLTPS-CORR and NLTPS-REGCORR for patients 7, 8, 11 and 12. Rows 1 and 2 are the fixed TRUS and the moving MR
images respectively. Rows 3 and 4 show the transformed MR images for the methods NLTPS-UNI and NLTPS-CORR respectively. Rows 5 and 6 show the transformed MR
images and the checker-board of the fixed TRUS and the transformed MR images for the method NLTPS-REGCORR (proposed).

Therefore, to measure the statistical significance of the null
hypothesis that the mean values of all the methods are similar
we need to verify the normality and homogeneity of the variances
(homoscedasticity) of the data (Sokal and Rohlf, 1995; Zar, 1999).
Common data transformations such as log, square-root and arcsine
transformations could not suitably scale the data to a normal dis-
tribution. Hence, Lilliefors test (Lilliefors, 1967) was used on the
raw data to verify the normality of the distribution. The test re-
jected the null hypothesis of normal distribution. Consequently,
Levene’s test (Levene, 1960) is used to verify the homogeneity of

the variances for the three methods which accepted the null
hypothesis (Levene’s test is used to measure the homogeneity of
variances if the data are non-normal, otherwise, Bartlett’s test
could have been used). Since the measurements of DSC are taken
for the same samples over the methods (M1, M2, M3 and NLTPS-
REGCORR), we considered Friedman'’s test (Friedman, 1939) (simi-
lar to two-way ANOVA) for paired data. The test accepted the null
hypothesis that the mean ranks for the DSC of the four methods
with different sets of control points are similar with y? = 3.45,
df =3, p<0.03.
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Fig. 12. Qualitative registration results for TPS, B-splines compared with the proposed method (NLTPS-REGCORR). The columns signify patient cases 1, 5, 15 and 17
respectively. Rows 1 and 2 show the fixed TRUS and moving MR images respectively. Rows 3 and 4 show the transformed MR and checkerboard using traditional TPS.
Similarly, rows 5 and 6 show the results of B-splines and rows 7 and 8 show the results of the proposed method.

The TRE values in Tables 1 and 2 respectively do not follow a Lilliefors test. The null hypothesis of the homoscedasticity of vari-
normal distribution. However, the log transformation of the raw ances for the log-transformed data is also true when Bartlett’s test
data accepted the null hypothesis of normality of the data using (Bartlett, 1937) is used. A one-way ANOVA (Analysis of Variance)
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Fig. 13. Qualitative registration results with point correspondences established according to automatically segmented prostate contours. The first row shows the contours
obtained using automatic segmentation method (in red) and manual segmentation (in green) on both TRUS and MR images. The second row shows the point correspondences
on the prostate for both the TRUS and MR images and the third row shows the resulting fused TRUS-MR image and the TRUS-MR checker-board. (For interpretation of the
references to colour in this figure legend, the reader is referred to the web version of this article.)

Table 4

Quantitative global and local registration accuracies when automatic segmentation
(Ghose et al., 2011a) method is used. u denotes the mean and ¢ denotes the standard
deviation of the respective measures. A high DSC, low HD, low TRE and low TLE
represent good registration accuracy.

P# DSC HD (mm) TRE (mm) TLE (mm)
5 0.986 0.78 1.28 0.09
6 0.981 1.30 0.90 0.02
7 0.985 1.30 2.27 0.06
8 0.983 1.56 1.40 0.07
9 0.982 1.56 1.58 0.23
10 0.987 1.10 1.65 0.04
11 0.977 1.66 1.60 0.05
12 0.983 1.40 2.03 0.22
13 0.981 1.30 3.04 0.12
14 0.979 1.40 1.67 0.04
" 0.982 1.34 1.74 0.09
o 0.003 0.25 0.59 0.07

The bold values signify the average and standard deviations for the registration
accuracy and are of importance while evaluating the overall efficacy of the pro-
posed method.

(Fisher, 1932) is used to test the null hypothesis of similarity of
means where the null hypothesis is accepted at 95% confidence
level with F =5.08, d.f =3, p=0.0035. Although, the ANOVA
test accepted the null hypothesis, a Dunn’s post test (Dunn,

Table 5

Slice-by-slice registration accuracies for base to apex slices. 1 denotes the mean and o
denotes the standard deviation of the respective measures. S# denotes slice number
from base to apex. A high DSC, low TRE and low TLE represent good registration
accuracy.

S#  Patient 6 Patient 7
DSC TRE (mm) TLE (mm) DSC TRE (mm)  TLE (mm)

1 0.961 1.39 0.12 0978 1.73 0.06
2 0974 126 0.09 0985  2.69 0.03
3 0.981 0.70 0.02 0.981 0.95 0.02
4 0977 1.66 0.21 0.980 2.20 0.08
5 0974 0.73 0.03 0974 2.80 0.56
6 0973 0.29 0.01 0976  3.21 0.23
7 0972  1.09 0.54 0984 3.57 0.19
8 0980 0.95 0.25 - - -

9 0982 1.08 0.08 - - -

u 0975 1.02 0.15 0980 245 0.17
o 0.006 0.41 0.17 0.004 0.90 0.19

The bold values signify the average and standard deviations for the registration
accuracy and are of importance while evaluating the overall efficacy of the pro-
posed method.

1964) is additionally performed to identify the dissimilarities in
the TRE means of the methods M1, M2, M3 and NLTPS-REGCORR.
The pairwise comparison test revealed that only M3 and NLTPS-
REGCORR TRE means are siginificantly different with p < 0.05.
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Fig. 14. Qualitative results of the proposed method when applied to non mid-gland slice. The rows show the base to apex slice registrations (rescaled) top-to-bottom for
Patient 6.

Fig. 15 shows the mean estimates of the TRE with their confidence TRE of the proposed NLTPS-REGCORR is significantly different than
intervals for the given methods. The figure depicts that the mean M3 method (proposed method with no internal points).
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Table 6
Quantitative registration results for mid-gland and off mid-gland registration with
manual or automatic segmentation on different patient cohorts.

Exp# 1 2 3

Method NLTPS-REGCORR NLTPS-REGCORR NLTPS-REGCORR
Segmentation Manual Manual Automatic
Prostate Mid-gland Off mid-gland Mid-gland
Patients 1-20 6,7 5-14

DSC 0.980 + 0.004 0.977 + 0.006 0.982 +0.003
TRE (mm) 1.60+1.17 1.64 +£0.97 1.74+0.59

4.5.2. Registration methods

It is observed from Table 7 that the DSC and HD values for all
the three methods (NLTPS-UNI, NLTPS-CORR and NLTPS-REGCORR)
are similar. Therefore, a statistical analysis of the mean DSC and HD
values is done separately for the afore-mentioned method leaving
out TPS (Rohr et al., 2001) and the B-splines (Rueckert et al., 1999)
registration methods. Common data transformations could not
scale the given DSC values of Table 2 into a normal distribution
and hence, Lilliefors test used to verify the normality of the distri-
bution rejected the null hypothesis. Consequently, Levene’s test is
used to verify the homogeneity of the variances for the three meth-
ods which accepted the null hypothesis. Since the measurements
of DSC of Table 2 and HD of Table 3 are taken for the same samples
over the methods (NLTPS-UNI, NLTPS-CORR and NLTPS-REGCORR),
we used Friedman'’s test for paired data. The test rejected the null
hypothesis that the mean ranks for the DSC and HD and values of
the 3 methods are similar with y? =25.27, d.f =2, p < 0.0001
and y2=17.29, df =2, p<0.0001 respectively. This signifies
that at least one of the three methods differs in mean rank from
the rest. Therefore, Dunn’s post test is used for pairwise compari-
son between the methods to identify the dissimilarity. The test
identified that the means of the DSC values for NLTPS-UNI and
NLTPS-CORR are not statistically significantly different and those
for NLTPS-UNI & NLTPS-REGCORR and NLTPS-CORR & NLTPS-REG-
CORR are statistically significantly different with p < 0.001 for
both respectively. Similar statistical significances are observed for
the means of HD values for the first three methods of Table 3.

Analyzing the TRE columns of Table 2 it is observed that a log
transformation of the raw data could suitably scale the data into
a normal distribution. Therefore, Bartlett’s test is used to analyze
the homoscedasticity of the variances that accepted the null
hypothesis. The data sample sizes being different for the five meth-
ods (19 values for NLTPS-UNI & NLTPS-CORR and 20 values for the

Table 7
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remaining methods), the Kruskal-Wallis test (non-parametric one-
way ANOVA)(Kruskal and Wallis, 1952) is used to compare the
means of the ranked log-transformed TRE values. The test rejected
the hypothesis of equality of ranked means with y?> = 19.6, d.f =
4, p = 0.0006, which signifies that at least one of the method has
statistically significantly different mean TRE than the remaining.
Consequently, the Dunn’s post test is performed to find the dissim-
ilarity in the mean ranks of the TRE values. The test revealed that
NLTPS-REGCORR (proposed method) has a statistically signifi-
cantly different mean TRE than NLTPS-CORR and the B-splines reg-
istration methods with p<0.005, while not so significantly
different than NLTPS-UNI and TPS registration methods. Neverthe-
less, the analysis of raw data for the TRE columns in Table 2 show a
2-3 times improvement in mean TRE for the proposed method
than NLTPS-UNI and TPS. The TLE value of 0.15+0.12 mm for
NLTPS-REGCORR signifies a low repeatability error in identification
of the anatomical targets by clinical experts. Fig. 16 shows the box-
plot obtained from the Kruskal-Wallis test for the ranked TRE val-
ues of the 5 registration methods. Fig. 17 shows the pairwise com-
parisons of log-transformed TRE values for the different methods.
The figure reveals that NLTPS-REGCORR has statistically signifi-
cantly different mean TRE than NLTPS-CORR and B-splines.

On analysis of the DSC data in Table 2 and HD data in Table 3 for
NLTPS-REGCORR, TPS and B-Splines respectively, it is observed that
the data do not follow a normal distribution and the data are het-
eroscedastic. Therefore, none of the classical statistical hypothesis
testing method can be applied to compare the means of the DSC
and HD measures of the proposed method to that of the TPS and
B-splines. However, the mean DSC and HD values of the proposed
method are better than the TPS and B-splines methods.

4.5.3. Automatic segmentation

The DSC values of Table 4 and the DSC values for patients 5-14
related to NLTPS-REGCORR in Table 2 follow a normal distribution
with homogeneity of variances. Therefore, a two-tailed Student’s t-
test (Gosset, 1908) is used to identify the similarity of the means of
the DSC data for the proposed method with manual segmentation
and the proposed method with automatic segmentation. The null
hypothesis is accepted with p < 0.01 signifying that the mean
DSC value obtained when automatic segmentation is employed is
similar to that obtained with manual segmentation. However, for
the HD values of the same set of patients as shown in Tables 4
and 3 (HD column of NLTPS-REGCORR) need to be square-root
transformed to be scaled into a normal distribution. Thereafter,

A comparison of the global and local registration accuracies for the different methods and their statistical significance. The methods are abbreviated from A to H for M1, M2, M3,
NLTPS-UNI, NLTPS-CORR, NLTPS-REGCORR, TPS and B-splines respectively. HD and TRE are in (mm) with @ denoting the mean and ¢ the standard deviation. Statistical
significance is computed for 95% confidence interval i.e a p < 0.05 is considered as similarity of means with high statistical significance, while a very low p-value denotes
significantly different means. The letters within brackets in the p-value field (p) denote the methods that are used for comparison. The empty p-value fields signify that either the
comparisons are irrelevant or could not be computed due to non-normal and heteroscedastic data.

Methods M1 M2 M3 NLTPS-UNI NLTPS-CORR NLTPS-REGCORR TPS B-splines
(Rohr et al., 2001) (Rueckert et al., 1999)
Abbrv. A B C D E F G H
DSC u 0.981 0.981 0.981 0.987 0.985 0.980 0.975 0.944
4 0.004 0.006 0.005 0.003 0.010 0.004 0.007 0.036
p <0.03 - - < 0.01 < 0.01 < 0.0001 - -
(AB,CF) (D,F) (EF) (D,EF)
HD n - - - 1.31 1.35 1.63 2.17 4.85
o - - - 0.57 0.61 0.48 0.85 2.30
p - - - < 0.01 < 0.01 < 0.0001 - -
(D,F) (EF) (D,E,F)
TRE u 2.73 2.55 3.34 4.27 4.86 1.60 333 4.56
g 3.01 2.98 416 4.20 3.49 1.17 2.33 2.98
p =0.0035 - < 0.05 - - < 0.005 - < 0.0006
(ABCF) (GF) (EFH) (D-H)
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Comparison of TRE means using Dunn's post test

M1 -

M2 -

M3

NLTPS-REGCORR

1 I 1 1 1 1 1 1 1
0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1
The column means of groups NLTPS-REGCORR and M3 (8 boundary points with no intemal points) are significantly different

Fig. 15. TRE means for different methods with significant difference between M3 (red line) and NLTPS-REGCORR (blue line). (For interpretation of the references to colour in
this figure legend, the reader is referred to the web version of this article.)

Kruskal-Wallis test for log-transformed TRE values
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Fig. 16. Kruskal-Wallis comparison of medians of ranked TRE values. Non-overlapping notches signify that the median values for the given methods are significantly
different at 95% confidence level.

Comparison of TRE means using Dunn's post test
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NLTPS-CORR and B-splines registration methods have mean ranks significantly different from NLTPS-REGCORR (proposed methed).

Fig. 17. TRE means for different methods with significant difference between NLTPS-REGCORR (blue line) and NLTPS-CORR and B-splines (red lines). (For interpretation of the
references to colour in this figure legend, the reader is referred to the web version of this article.)
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the homoscedasticity of the data is determined and a two-tailed
Student’s t-test revealed statistically significant similar mean HD
values with p < 0.01.

The log-transformed TRE data of Table 4 and those from TRE
column of NLTPS-REGCORR for patients 5-14 of Table 2 show a
normal distribution but heterogeneity of variances. Therefore, a
two-tailed Welch’s t-test (Welch, 1947) is performed that accepted
the null hypothesis signifying that the means of the log-trans-
formed TRE of the methods compared are statistically significantly
similar with p < 0.01.

5. Discussions

The statistical analysis in Section 4.5.1 of the DSC data in Table 1
for the methods with different sets of control points reveal that the
mean DSC values for all the three methods and the proposed
NLTPS-REGCORR in Table 2 are similar. However, the mean TRE
of M3 (eight boundary points with no internal points) is signifi-
cantly lower than the proposed method. This suggests that internal
points are necessary to maintain clinically acceptable deformations
of the prostate gland (as seen in Fig. 10). Although methods M1 (six
boundary and four internal points) and M2 (10 boundary and six
internal points) do not show statistically significantly different
mean TRE values than NLTPS-REGCORR, the values are definitely
higher than the proposed method that signify inaccurate local
deformations.

The analysis in Section 4.5.2 of the data in Tables 2 and 3 allow
us to infer that the region overlap measures (DSC and HD) are
slightly better for the methods NLTPS-UNI and NLTPS-CORR and
inferior for traditional TPS and B-splines methods than those of
NLTPS-REGCORR. However, the TRE values are low for the pro-
posed method with high statistical significance when compared
with NLTPS-CORR and B-splines registration methods. Although,
the TRE values of TPS and NLTPS-UNI are not statistically signifi-
cantly different than the proposed method, they are definitely
2 — 3 times higher than NLTPS-REGCPRR. This signifies that the lo-
cal deformations of the prostate gland anatomical structures (tar-
gets) are clinically acceptable as provided by the method NLTPS-
REGCORR. The transformed MR images obtained as the results of
the methods NLTPS-UNI and NLTPS-CORR (rows 3 and 4 of
Fig. 11) clearly illustrate the fact that the transformation of the
gland anatomical structures are not acceptable for clinical proce-
dures and may be verified quantitatively from the TRE value col-
umns of NLTPS-UNI and NLTPS-CORR in Table 2 for the
respective patients.

The possible reason for slightly improved region overlap mea-
sures with NLTPS-UNI and NLTPS-CORR than the proposed
NLTPS-REGCORR is that the non-linear TPS equations aim at mini-
mizing the image differences of the TRUS and MR binary mask
images. Therefore, the prostate boundaries are well aligned for
NLTPS-UNI and NLTPS-CORR. On the contrary, NLTPS-REGCORR
constrains the non-linear transformations with the additional term
of regularized bending energy and correspondence localization er-
rors. This results in smooth and clinically meaningful gray-level
deformations of the gland anatomical structures in addition to a
satisfactory prostate overlap of the transformed MR image with
that of the TRUS. The global overlap measures shown in Tables 2
and 3 when compared to those of the proposed method apparently
indicate that our proposed method provides better prostate gland
overlap than B-splines, although not significantly better than tradi-
tional TPS.

Considering the TRE measure to be more appropriate in evalu-
ating registration accuracy, our method provides the least mean
TRE with less than 3 mm (as suggested by the clinical experts)
accuracy when compared to the traditional spline-based methods

or the variations of the proposed method. Patient cases 1, 5, 15
and 17 of Fig. 12 (columns 1-3 and 5-6) reveal that the B-spline
transformation (rows 5-6) has significantly distorted the prostate
gland, which are also reflected in the TRE values of the respective
patient rows of Table 2. Although traditional TPS transformation
(rows 3-4) does not show any significant deformation of the pros-
tate other than rugged transformations around the prostate edges
as shown in Fig. 12, the TRE values for the respective patients are
higher than the proposed method as seen from Table 2. Therefore,
the proposed method seems to provide better registration accura-
cies when compared with the other methods.

The analysis of the global and local registration accuracies in Ta-
ble 4 and in Table 2 for patients 5-14 shows that automatic seg-
mentation does not significantly affect the registration accuracies
compared to when manual segmentation is used. The example
shown in Fig. 13 also shows that there are significant overlaps be-
tween the manually and automatically segmented contours both in
TRUS and MR images. Finally, the validation of the proposed regis-
tration method on the base and non mid-gland slices (Table 6)
have shown high registration accuracies with <3 mm average
TRE for patients 6 and 7 respectively.

The average times required for the methods NLTPS-CORR and
NLTPS-REGCORR are similar (see Table 3). However, the average
time is slightly higher for NLTPS-UNI considering 16 control points
being used instead of 13 control points as in NLTPS-REGCORR. The
complexity for the algorithms NLTPS-REGCORR and its variations
(NLTPS-UNI and NLTPS-CORR) is O(N + M), where, N and M are
the number of foreground pixels for the fixed and the moving
images respectively. The traditional TPS has the least average com-
putation time, since the complexity O(n) involves only the number
of correspondences (n) across the fixed and moving images. How-
ever, it is to be noted that the implementation does not guarantee
bijectivity of the TPS transformation and therefore suffers from dis-
torted transformations in some cases e.g. patients 5 and 15 (col-
umns 2 and 5, rows 3 and 4 respectively). The B-splines method
requires the maximum time for registration owing to evaluation
of the image similarity measure (NMI) and following a multireso-
lution framework for 3 resolutions. Despite the use of a multireso-
lution framework, the traditional B-splines fail to provide good
registration accuracy in most cases. On the contrary, our proposed
method does not follow any multiresolution framework; however,
by the virtue of the non-linear polynomial functions, a smooth and
bijective transformation is achieved. The computation time of the
proposed algorithm being highly dependent on the number of im-
age pixels can be parallelized and considering its unoptimized
implementation in MATLAB, a speed-up of computation time is
possible by C++/GPU programming.

6. Conclusions

A new non-linear diffeomorphic framework with TPS being the
underlying transformation has been proposed to register prostate
multimodal images. A method to establish point correspondences
on a pair of TRUS and MR images has also been proposed that is
based on the computation of Bhattacharyya distance for shape-
context representations of contour points. The bijectivity of the dif-
feomorphism is maintained by integrating over a set of non-linear
functions for both the fixed and transformed moving images. The
regularized bending energy and the localization errors of the point
correspondences established between the fixed and moving
images have further been added to the system of non-linear equa-
tions added to the TPS constraints. This additional constraint en-
sured regularized deformations of the local anatomical structures
inside the prostate that are meaningful for clinical interventions
like prostate biopsy. The performance of the proposed method
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has been compared against two variations of non-linear TPS trans-
formations where the control points had been uniformly placed on
a grid for the first and the control points were established using the
proposed point correspondence method for the latter. Both these
methods did not involve the regularization and only relied on the
non-linear transformation functions. The results obtained on
real patient datasets concluded that the overall performance of
proposed method in terms of global and local registration accura-
cies are better compared to the two variations as well as traditional
TPS and B-splines based deformable registration methods, and
therefore could be feasibly applied for prostate biopsy procedures.
The proposed method has been validated against varied number of
control points that inferred that control points inside the prostate
gland are necessary to maintain clinically meaningful deforma-
tions and that 8 boundary points capturing the inflexions of the
prostate curve are optimally suitable than less or more boundary
control points. The proposed method has been shown to be not af-
fected by automatic segmentation inaccuracies owing to the
robustness of the automatic segmentation method employed. Val-
idation of the registration method on the base and non mid-gland
slices have shown high global and local registration accuracies
illustrating the robustness of the method.

The proposed non-linear TPS framework with regularization
may be applied to 3D prostate volume registration. However, a
slice-by-slice point correspondences may be established after
resampling the prostate volumes. The TRUS-MR slice correspon-
dences chosen manually in our experiment can also be chosen
automatically with the use of an EM tracker attached to the TRUS
probe that will provide the spatial position of the TRUS slice in a
pre-acquired prostate TRUS/MR volume during the needle-biopsy.
An automatic method based on information theory and statistical
shape analysis to find the MR slice that closely corresponds to
the TRUS axial slice is currently under investigation. The algorithm
can be parallelized if programmed on GPU and therefore may be
useful for real-time multimodal fusion of prostate images during
biopsy.
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