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ABSTRACT

Prostate cancer is one of the most prevalent cancers in men, where
diagnosis is confirmed through biopsies analyzed with histopathol-
ogy. A diagnostic T2-w MRI is often registered to intra-operative
transrectal ultrasound (TRUS) for effective targeting of suspicious
lesions during image-guided biopsy procedures or needle-based
therapeutic interventions such as brachytherapy. However, this
process remains challenging and time-consuming in an interven-
tional environment. The present work proposes an automated 3D
deformable MRI to TRUS registration pipeline that leverages both
deep variational auto-encoders with a non-rigid iterative closest
point registration approach. A convolutional FC-ResNet segmenta-
tion model is first trained from 3D TRUS images to extract prostate
boundaries during the procedure. Matched MRI-TRUS 3D seg-
mentations are then used to generate a vector representation of the
gland’s surface mesh between modalities, used as input to a 10-
layer dense variational autoencoder model to constrain the predicted
deformations based on a latent representation of the deformation
modes. At each iteration of the registration process, the warped
image is regularized using the autoencoder’s reconstruction loss, en-
suring plausible anatomical deformations. Based on a 5-fold cross-
validation strategy with 45 patients undergoing HDR brachytherapy,
the method yields a Dice score of 85.0+2.6 with a target registration
error of 3.9 & 1.4mm, with the proposed method yielding results
outperforming the state-of-the-art, with minimal intra-procedural
disruptions.

Index Terms— Prostate cancer, Deep variational auto-encoders,
TRUS segmentation, Deformable registration, Non-iterative closest
point alignment

1. INTRODUCTION

Prostate cancer (PCa) is the second most prevalent type of cancer in
men and fourth overall, with an estimated 1.3 million new cases in
2019 according to the Global Cancer Observatory [1]. It is expected
that 1 in 9 men will be diagnosed with PCa in their lifetime. Due to
the small size of the prostate gland, a systematic biopsy is typically
included in the diagnosis process to confirm the presence and grade
of the lesion. Guidance tools are often used to assist clinicians in lo-
calizing the needles with respect to the tumor. Transrectal ultrasound
(TRUS) is the most commonly used modality for real-time intra-
operative imaging of the prostate for this purpose. However identifi-
cation of tumor targets on TRUS remains challenging due to acoustic
properties of the tumor relative to the surounding tissue. To address
this issue, pre-treatment magnetic resonance imaging (MRI) is of-
ten performed to provide high quality detection of the tumor region.
Still, the required image registration step between TRUS and MRI

978-1-6654-1246-9/21/$31.00 ©2021 IEEE

remains challenging. Intensity-based methods struggle under multi-
modal conditions, whereas surface-based methods require real-time
annotations of the gland on TRUS. Thus, an unsupervised segmen-
tation framework during the TRUS-guided procedure followed by
accurate multi-modal image registration is required.

Recently, deep neural network (DNN) approaches were shown
to be promising for deformable registration procedures [2]. Com-
pared to statistical deformation models (SDM), DNNs avoid making
linear assumptions about the underlying distribution of non-linear
deformations and are easily parallelizable for fast online predictions.
This makes DNN techniques attractive for real-time intra-operative
applications.

In this work, we present a registration framework composed
of two steps: an automatic convolutional neural network (CNN)
for TRUS prostate segmentation, followed by a deep variational
autoencoder (DVAE) model used for registration based on a low-
dimensional embedding of the segmented prostate surface varia-
tions. At registration time, both the MRI and the automatically
segmented TRUS surface meshes are used within a non-rigid opti-
mal Iterative Closest Point (NICP) framework, regularized by the
TRUS embedding. The framework is evaluated on a clinical dataset
of 45 patients with paired 3D MRI and TRUS images.

2. RELATED WORKS

Surface-based registration methods have presented state of the art
results in the past decade for fusion-based prostate procedures.
Natarajan et al. [3] used elastic matching to align the pre-biopsy 3D
MRI with intra-biopsy TRUS volumes. This required fixed manual
anatomical landmarks on both the base and apex of the prostate,
with both volumes fused using a block matching approach with a 3D
B-spline control grid. Hu et al. [4] employed a biomechanical finite
element statistical motion model (FMM) trained on the MRI as a
deformation constraint, while Onofrey et al. [5] trained a patient-
specific statistical deformation model (SDM) on the MRI volume
to obtain the set of possible prostate deformations. Khallaghi et al.
[6] proposed a method based on the finite element model (FEM).
While these works demonstrated reliable multi-modal alignment,
they presented highly complex solutions for the intra-procedural
workflow.

More recently, several works have explored incorporating deep
learning methods for TRUS-MRI registration. Haskins et al. [7]
trained a similarity metric using a CNN for an implicit optimization
of the registration task. Zeng et al. [8] used a weekly supervised ap-
proach inspired by a viscous fluid physical model, combining a CNN
and a long-short term memory neural network to predict the dense
deformation fields. However these methods still relied on manual
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annotations from TRUS images to obtain a target feature for intra-
operative registration.

3. MATERIALS AND METHODS

3.1. Clinial Dataset

The clinical dataset used in this work consisted of 45 patients treated
for PCa with high dose rate (HDR) brachytherapy. Each patient
dataset contained a diagnostic T2-w MRI from a 1.5T scanner and an
intra-operative TRUS volume (BK), obtained before catheter place-
ment. MRI scans were T2-weighted 3D variable-flip-angle TSE im-
ages with 1mm isotropic voxels. TRUS scans consisted of 94 2D
images obtained with a pullback technique, with 0.5mm slice thick-
ness. Prostate segmentations were performed on both modalities by
a radiation oncologist, yielding 3D surface meshes with vertex cor-
respondences between 3006 nodes, using a spectral decomposition
enabling vertex matching [9]. The gold standard MRI-TRUS reg-
istration was available for validation purposes: an expert clinician
manually selected the 3-5 fiducial points per patient (cysts, calcifi-
cations and anatomical features) in order to perform a B-spline reg-
istration, and used as landmarks for internal validation.

3.2. Proposed Model
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Fig. 1. Top Offline training phase of the deep variational auto-
encoder using MRI-aligned TRUS prostate surface meshes, with

S;V[ rr as the deformed mesh. Bottom Online registration phase,
performing segmentation using FC-ResNet trained on the 2D TRUS
slices. At prediction time, the FC-ResNet predicted prostate meshes
which are used to obtain the latent space embedding for used in the
NICP algorithm, generating a deformed prostate surface.
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The proposed automatic registration framework shown in Figure
1 consists of two steps: an offline phase, training the deep neural net-
works, and an online registration step based on NICP for deformable
MRI to TRUS registration, constrained by the DVAE embedding in
its loss function, and using the deep segmentation predictions of the
FC-ResNet. Thus, two separate deep neural networks models are
proposed: one for automatic segmentation of the prostate in intra-
operative TRUS images, and one for learning the deep deformation
constraints of the multi-modal registration step.

3.2.1. TRUS segmentation of the prostate

In clinical practice, manual annotations of the prostate on the live
ultrasound is time consuming and tedious, adding significant time to
the procedure. To address this issue, a FC-ResNet is proposed for
automatic 2D segmentation of the organ. The architecture shown
in Figure 2 is inspired by [10] in which a U-Net [11] is augmented
with residual skip connections from ResNet [12] around each con-
volutional block. Figure 3 shows the block designs. These simple

Output
a

i

Siip connection w
--------------

Simple Block
Bottleneck Block
Bottleneck Block

Bottleneck Block

Bottleneck Block

== Simple Block
Bottleneck Block

| Bottleneck Block

- Bottleneck Block

Bottleneck Block
Bottleneck Block

Bottleneck Block

Bottleneck Block |--->| Bottleneck Block

Fig. 2. FC-ResNet TRUS segmentation model.

blocks consist of a Batch Normalization layer, a ReLU activation
layer and a 3 X 3 convolutional layer with optional max-pooling and
up-sampling, in the encoder and decoder blocks respectively. A bot-
tleneck block design from ResNet [10] is also employed in certain
layers to increase network capacity. In these, each 3 x 3 convolu-
tional layer is replaced witha 1 x 1, 3 X 3, then 1 x 1 convolutional
layer. A 20% dropout layer is included at the end of every block
to prevent overfitting. The model also features 4 long skip con-
nections before each downsampling step, helping to preserve fine
grained edge details in the predicted prostate mask.

3.2.2. Deformable MRI-TRUS registration with deep VAE

To learn the distribution of plausible non-linear prostate deforma-
tions, a DVAE is trained on the MRI-TRUS dataset. The input data
consists of manually segmented TRUS prostates from which the tri-
angular surface meshes are extracted using the marching cube algo-
rithm, which are then centered to a common MRI space. Figure 4

Authorized licensed use limited to: ECOLE POLYTECHNIQUE DE MONTREAL. Downloaded on February 05,2022 at 03:29:44 UTC from IEEE Xplore. Restrictions apply.



Bottleneck: ‘
‘ Input  X;
simple:
Input X;
@
£
Qo
Z g
£
g e $
ke o
Up-sample = £
Q
T
e.g. Addition
F(Xi) F(Xi) : Xi
F(X) | F&X)+Xi |
Xin Kiv1

Fig. 3. Convolutional blocks used in the FC-ResNet segmentation
network.

presents the feed-forward architecture of the DVAE: the encoder and
decoder are 4 symmetrically distributed dense layers with ReLU ac-
tivations. A Sigmoid activation is used instead of the final ReLU,
thus allowing to learn the non-linear deformations of the prostate.
The training objective seeks to minimize the surface mesh recon-
struction error. The compressed form of the 3006-vector input to
the 10-vector embedding serves to encode a latent representation of
plausible TRUS prostate deformations.

At registration time, the manually contoured MRI and the auto-
matically segmented TRUS (Sarr and Strus), predicted by the
FC-ResNet, are converted to surface meshes and mappped onto a
common surface space. The NICP algorithm then iteratively warps
Smrr to Strus, by minimizing the following cost function using

an alternating approach [13]:
E (D

with F/; as a sum of squared distances between the source MRI
and the target TRUS vertices, defined as:

—~

X)=FEaq+ Es + Epvar

Ea(X):= Y dist’(T, Xivy), @

v, EV

where X = {z1,x2,xs3,...xn} is a 3x4 affine transformation ma-
trices for each vertex in set V. Furthermore, v; = [z,v, 2, l]T is
the template vertices and dist (7T, v) represents the distance between
vertex v and the nearest vertex on Strus.

The stiffness term (£) constrains the function according to the
weighted distance of adjacent vertices (X; and X; as the adjacent
points) as in Eq. (3). Also, G = diag(1,1,1,7) is the weight
variable. The stiffness term is also penalized under the Frobenius

norm:
Ey(X):= > I(X: = X;)Gl3
1,J~E
with Epv ag as a constraint on the deformation which fits in the
DVAE (Eq. (4)). Specifically, at each iteration, one candidate defor-

3
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Fig. 4. Deep variational autoencoder model to learn modes of
prostate deformation.

mation is computed to produce an intermediate TRUS surface S.
This is fed to the encoder to produce the resulting embedding ¢ (i.e.
encoder(S) = q). Here, the parameter g (representing the compact
representation of the deformation field) can be optimized such that
the decoder(q) is close to S based on the DVAE loss function:

Epvar = ||decoder(q): — Sil|, 4)
where, ¢ refers to the vertex index. As suggested by Umetani et
al.[14], in order to minimize the cost function Eq.(4), each element
of q is projected between O and 1. This constraint on g works as a
regularizer on each candidate deformation in our iterative registra-
tion process.

4. RESULTS AND DISCUSSION

The FC-ResNet segmentation model was evaluated using a 5-fold
cross-validation on the TRUS images. The samples were split 20%,
30% and 50% for the test, validation and training sets, respectively,
and underwent isometric resampling, normalization, as well as data
augmentation: horizontal and vertical flipping, sheering, rotation,
and warping. The Adam optimizer was used with a learning rate of
1 x 1078, Figure 5 shows sample segmentation results on TRUS
images. The visual contours accurately match the gold-standard
manual annotations. The Dice overlap score was used to assess the
TRUS segmentation model performance, with results obtained sub-
divided per region. The base of the prostate yielded a Dice score of
84.9 + 2.3%. The best performance was in the mid-gland (89.3%)
and the worst at the apex (72.2%). For the overall organ, the seg-
mentation model achieved a Dice score of 82.1%.

Figure 6 presents registration results for a sample patient from
the test set. The average registration time for all cases was.3s. The
observed deformation fields interpolated from the NICP dense defor-
mation field show that the registration process manages to accurately
deform the edges of the prostate, consistent with the type of defor-
mations due to pressure on the organ from the transrectal ultrasound
probe.
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Table 1. Comparison of the proposed SDM-NICP and DVAE-NICP approaches, using the automatic FC-ResNet segmentation on unseen
TRUS image. Evaluation is based on target registration errors (TRE), mean squared distance (MSD), and Dice score. The results are reported

in each sub-region separately.

SDM-NICP DVAE-NICP
Apex Mid Base Apex Mid Base
MSD (mm) | 0.75 £0.26 | 0.30 +0.11 | 0.32 +£0.27 | 0.65 £0.26 | 0.19 £0.13 | 0.27 £0.27
TRE (mm) | 6.42+1.82 | 463 +£1.73 | 573 £1.89 | 452 £1.60 | 3.57 £1.48 | 3.86 +1.12
Dice 725+£35 | 8324+27 | 80.1£29 | 824+2.8 | 88.8+21 | 85.04£3.0
TRUS Predicted Manual base, mid-gland and the apex region. This framework could there-

Fig. 5. Sample segmentation results on the test set for various re-
gions of the prostate on TRUS compared with the ground-truth an-
notation.

Table 1 presents the quantitative results of the registration exper-
iments. A baseline method is used as comparison based on the works
of Onofrey et al. [5], in which a statistical deformation model (SDM)
combined with NICP is used (SDM-NICP). The proposed DVAE-
constrained NICP method demonstrates both the lowest overall MSD
(0.37+0.22mm) and TRE (3.9 &+ 1.4mm) measures for the prostate,
as well as the highest whole organ Dice overlap (85.0 £ 2.6%).
These results show a significant improvement (p < 0.05) to overall
scores from the SDM-NICP method. In the apex region, the DVAE-
constrained NICP shows both lower MSD (0.65+0.26mm) and TRE
(4.52 £ 1.60mm), while the proposed model yields the higher Dice
(82.4%). In the mid-gland, the best performance was obtained us-
ing the DVAE-constrained NICP method, with a MSD of 0.19mm, a
TRE of 3.57mm and a Dice score of 83.8%.

5. CONCLUSION

In this work, we proposed a framework for deformable MRI to
TRUS image registration of the prostate using shape-based deep
variational auto-encoders. A deep VAE model was trained to learn
the distribution of plausible non-linear deformations observed be-
fore and during therapy due to probe pressure, used to constrain the
NICP registration algorithm. To meet the requirements of rapid con-
touring in an intra-operative setting, an FC-ResNet CNN was trained
to automatically segment the prostate in TRUS. The proposed model
showed improvements in Dice score over previous state-of-the-art
methods, improvements in overall MSD and TRE measures in the
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fore provide a tool for online registration during tracked TRUS
procedures, without needing manual prostate annotations on TRUS,
saving valuable time in the operating room.
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