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1. INTRODUCTION:

The ultimate goal of our project is to advance imaging technology to assess treatment-related erectile
dysfunction and thereby improve sexual outcomes and quality of life of prostate-cancer survivors. Loss of
sexual potency is the most common and debilitating long-term complication in radiotherapy for prostate cancer.
Over 50% of men will suffer from post-radiation erectile dysfunction which may lead to diminished sexual
activity and desire, decreased sexual satisfaction, changes in intimate relationships and reduced quality of life
post-radiotherapy. This project has 3 major steps. First, we will develop a new technique for combining MRI
and ultrasound images in a way that can allow physicians to see the neurovascular bundle (NVB) clearly and
reliably. Second, we will confirm that these new imaging findings match the patients’ outcome with respect to
their erectile function. Third, we will use the new imaging techniques to reduce radiation dose to the NVB to
improve preservation of sexual function.

2. KEYWORDS:

Prostate cancer, Radiotherapy, Ultrasound, Magnetic Resonance Imaging, Erectile Dysfunction
3. ACCOMPLISHMENTS:

What were the major goals of the project?

Below are the Specific Aims and Major Tasks (with embedded timelines) as listed in the original/approved
Statement of Work (SOW):

Specific Aim 1: Develop a novel MRI and US technology to measure radiation-related NVB injury

Major Task 1.1: Integration of MRI and Quantitative Doppler Ultrasound (months 1-6)

Major Task 1.2: Conduct phantom study of 3D Doppler ultrasound imaging (months 1-6)

Major Task 1.3: Verify reliability of the multimodality imaging technology (months 2-6)
Specific Aim 2: Conduct a clinical study to validate that the quantitative results of the novel MR-US
technology correlate with standard clinical endpoints used to evaluate ED

Major Task 2.1: Preparation for clinical study (months 1-6)

Major Task 2.2: Interim Analysis of Clinical Study (months 7-18)

Major Task 2.3: Final Analysis of Clinical Study (months 7-36)

Specific Aim 3: Conduct a feasibility study to demonstrate utility of the novel MR-US technology in improving
patient sexual potency through NVB-sparing radiotherapy

Major Task 3.1: Determine NVB dose received during the original treatment plans (months 7-26)

Major Task 3.2: Correlate NVB dose with clinical outcomes data (months 26-36)

Major Task 3.3: Re-plan with constraints on DVH’s (months 30-36)

What was accomplished under these goals?

Overall, work is progressing well along the timeline indicated in the previous section:

1. Major activities:

Under Aim 1, we have further calibrated the algorithms developed under Major Task 1.1 and 1.3 above on
patient data. For Major Task 1.2, we did construct a unique prostate phantom consisting of a standard prostate
phantom and custom-adding neurovascular bundle components.

Scientifically, we have two major achievements for Aim 1. One achievement is to develop in-house software to
analyze Doppler ultrasound waveform of the neurovascular bundles. Our Doppler analysis software provides
more accurate blood flow measurements than current commercial software (Figure 1).
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Figure 1: Quantitative analysis of artery flow at neurovascular bundle. (A) Pulse wave extraction from Doppler image
using Imaged. (B) Morphological features are quantified for pulse waveform.

The other major achievement is to develop an ultrasound prostate segmentation based on multidirectional
deeply supervised V-Net (Figure 2 below). Prostate segmentation is an important step in building a robust
multimodality imaging platform for prostate radiotherapy. Our segmentation technology based on deep-learning
concept is accurate and reliable.
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Fic. 2. The multiderivative images and the corresponding prostate. (al-a3) TRUS images represented in transverse plane, sagittal plane, and coronal plane. (bl
b3), (c1-¢3), (d1-d3) Corresponding images generated by 3D Gaussian filter, 3D mean filter, and 3D median filter. (el—e3) Corresponding prostate masks based
on physicians’ manual contours. The display window for (a—d) is [0, 200].

Under Aim 2, we have made significant progress on the clinical study and have now consented 28 subjects in 2
cohorts: 26 for the technology development and 2 for the longitudinal study (Table 1). Most have been screen
failures for the longitudinal study (due to receiving ADT or having an IIEF score too low) but their imaging
data has been captured for further refinement and calibration of the registration algorithms in Major Tasks 1.1-
1.3.



Table 1 Patient Characteristics — Total Consented: 28 patients

Characteristics Value
Age ()
Median 65
Range 52-B0
Race
African-American 18
Asian 2
White B
Marital Status
Married 17
Separated 1
Single
Unknown 1
Study Cohort
Longitudinal i
Reliability 26
Exclusion Criteria for Longitudinal Cohort
Pre Hormonal Therapy 14
Incomplete Pre-RT MERI
Documented Moderate-Severe ED &
Radiation Therapy
EERT alone 12
EBRT plus brachytherapy 11
Brachytherapy alone 5
Imaging Data Collected 45
Ultrasound (B-maode & Color Doppler)
Pre RT 28
Pre Brachytherapy 15
& months FfU 2
MRI
Pre RT 2
& months F/U 1

Abbreviation: EBRT = external bearm radiation therapy, ED = erectile dysfunction, RT = radiation therapy,
FfU = follow up.

Under Aim 3, we have updated and maintained the constructed imaging database and an outcomes database
with the above subjects to later correlate imaging and clinical data.

2. Specific Objectives:

All specific objectives, as listed in the Specific Aims above, are on target.

3. Significant Results or Key Outcomes:

As data collection is underway and no analysis has taken place, there are no significant results or key findings to
date (this would not be expected under original plan until year 3 of the project).

4. Other Achievements:

Not applicable

What opportunities for training and professional development has the project provided?
Nothing to Report

How were the results disseminated to communities of interest?

Nothing to Report

What do you plan to do during the next reporting period to accomplish the goals?
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We plan to continue consenting/screening subjects to our longitudinal clinical study to continue to collect
imaging and clinical data for correlation.

4. IMPACT:

What was the impact on the development of the principal discipline(s) of the project?

The impact on the principal discipline is to date that of technology development, with respect to (a) Ultrasound
Doppler technology to detect and measure blood flow to the neurovascular bundles, and (b) MRI/Ultrasound
registration technology.

What was the impact on other disciplines?

Nothing to Report

What was the impact on technology transfer?

Nothing to Report

What was the impact on society beyond science and technology?

Nothing to Report

5. CHANGES/PROBLEMS:

Changes in approach and reasons for change

Nothing to Report

Actual or anticipated problems or delays and actions or plans to resolve them

One difficulty encountered, which was described in the previous annual report, is that the majority of our
consented patients [who have data that can be used for the initial ultrasound/MR imaging technology
development] are screen failures for the longitudinal study, as a result of having started ADT or having an I[IEF
score that is too low. Though we believed we would have an increase in favorable risk prostate cancer patients
due to our opening NRG GU 005 open at our institution this has not been the case and thus we still have very
few patients meeting eligibility for the longitudinal study. An additional difficulty is that a few subjects who
were otherwise eligible for the longitudinal study could not participate in that portion of the study due to not
having a pre-treatment MRI scan. We may potentially expand the eligibility criteria - to allow for a wider range
of IIEF scores and/or allow ADT use and/or allow more aggressive pathology and/or relax the pre-treatment
MRI requirement - in order to facilitate the longitudinal study enrollment — we will make this determination
based on how enrollment proceeds in the first few months during year 3 of the grant.

Changes that had a significant impact on expenditures

Nothing to Report

Significant changes in use or care of human subjects, vertebrate animals, biohazards, and/or

select agents

Nothing to Report

Significant changes in use or care of human subjects

Nothing to Report

Significant changes in use or care of vertebrate animals.

Not Applicable

Significant changes in use of biohazards and/or select agents

Nothing to Report

6. PRODUCTS (note that all products that are related in any way to the current project are listed — note also

that as indicated below, the two most significant items listed below are included in their entirety in the

Appendix):

Publications, conference papers, and presentations

Journal publications.

1. Wang B, Lei Y, Tian S, Wang T, Liu Y, Pretesh P, Jani A, Mao H, Curran W, Liu T and Yang X. “Deeply
Supervised 3D FCN with Group Dilated Convolution for Automatic MRI Prostate Segmentation" Medical
Physics, 46(4):1707-1718, 2019.




2. Lei Y, Tian S, He X, Wang T, Wang B, Pretesh P, Jani A, Mao H, Curran W, Liu T and Yang X.
“Ultrasound Prostate Segmentation Based on Multi-Directional Deeply Supervised V-Net," Medical
Physics, 46(6):3194-3206, 2019. [PLEASE SEE APPENDIX]

Books or other non-periodical, one-time publications.

Nothing to report

Other publications, conference papers, and presentations.

1.

Wang B, Lei Y, Wang T, Dong X, Tian S, Jiang X, Jani A, Mao H, Curran W, Patel P, Liu T and
Yang X. "Automated Prostate Segmentation of Volumetric CT images Using 3D Deeply Supervised
Dilated FCN," Presented at the Annual Meeting of International Society for Optics and Photonics
(SPIE) Medical Imaging, San Diego, CA, USA 2019. (Poster)

Wang B, Lei Y, Jeong J, Wang T, Tian S, Jiang X, Jani A, Mao H, Curran W, Patel P, Liu T and
Yang X. "Automatic MR Prostate Segmentation Using 3D Deeply Supervised FCN With
Concatenated Atrous Convolution," Presented at the Annual Meeting of International Society for
Optics and Photonics (SPIE) Medical Imaging, San Diego, CA, USA 2019. (Poster)

Lei Y, Tian S, Wang B, Wang T, Jani A, Curran W, Patel P, Liu T and Yang X. " Ultrasound Prostate
Segmentation Based on 3D V-Net with Deep Supervision," Presented at the Annual Meeting of
International Society for Optics and Photonics (SPIE) Medical Imaging, San Diego, CA, USA 2019.
(Oral)

He X, Yang X, Jani A, Sohn J, Patel P, Curran W and Liu T. "Reliability of Doppler Blood Flow
Evaluation of Neurovascular Bundle Vessels in Patients Receiving Prostate Radiotherapy," Presented
at 61° annual meeting of the American Association of Physicists in Medicine (AAPM), San Antonio,
TX, USA, 2019. (Oral) [PLEASE SEE APPENDIX]

Zeng Q, Jeong J, Lei Y, Tian Z, Wang T, Dong X, Jani A, Patel P, Mao H, Curran W, Liu T and
Yang X. "Surface-Driven MRI-US Registration Using Weakly-Supervised Learning in Prostate
Brachytherapy," Presented at 61°' annual meeting of the American Association of Physicists in
Medicine (AAPM), San Antonio, TX, USA, 2019. (Oral)

Lei Y, Tian S, Wang T, Liu Y, Dong X, Jiang X, Patel P, Jani A, Curran W, Liu T and Yang X.
"Synthetic MRI-Aided Prostate Segmentation in CT Image," Presented at 61 annual meeting of the
American Association of Physicists in Medicine (AAPM), San Antonio, TX, USA, 2019. (Oral)
Yang X, Zeng Q, Lei Y, Tian S, Wang T, Dong X, Jani A, Mao H, Curran W, Patel P and Liu T.
"MRI-US Registration Using Label-driven Weakly-supervised Learning for Multiparametric MRI-
guided HDR Prostate Brachytherapy," Presented at 60" Annual Meeting of American Society for
Radiation Oncology (ASTRO), Chicago, IL, USA, 2019. (E-poster)

Website(s) or other Internet site(s).
Nothing to Report
Technologies or techniques.

1.

An ultrasound Doppler technology that can detect blood flow in right and left neurovascular bundles in
patients receiving radiotherapy for prostate cancer.

2. An image registration technology that can accurate register MRI and ultrasound images of the prostate.
Inventions, patent applications, and/or licenses.

n/a

Other Products.
We have constructed an imaging database and an outcomes database to be able to correlate imaging and clinical
data, in order to reach Aims 2 and 3 of the project over the next year.
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Ultrasound prostate segmentation based on multidirectional deeply

supervised V-Net

1. INTRODUCTION
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Purpose: Transrectal ultrasound (TRUS) is a versatile and real-time imaging modality that is com-
monly used in image-guided prostate cancer interventions (e.g., biopsy and brachytherapy). Accurate
segmentation of the prostate is key to biopsy needle placement, brachytherapy treatment planning,
and motion management. Manual segmentation during these interventions is time-consuming and
subject to inter- and intraobserver variation. To address these drawbacks, we aimed to develop a deep
learning-based method which integrates deep supervision into a three-dimensional (3D) patch-based
V-Net for prostate segmentation.

Methods and materials: We developed a multidirectional deep-learning-based method to automati-
cally segment the prostate for ultrasound-guided radiation therapy. A 3D supervision mechanism is
integrated into the V-Net stages to deal with the optimization difficulties when training a deep net-
work with limited training data. We combine a binary cross-entropy (BCE) loss and a batch-based
Dice loss into the stage-wise hybrid loss function for a deep supervision training. During the segmen-
tation stage, the patches are extracted from the newly acquired ultrasound image as the input of the
well-trained network and the well-trained network adaptively labels the prostate tissue. The final seg-
mented prostate volume is reconstructed using patch fusion and further refined through a contour
refinement processing.

Results: Forty-four patients’ TRUS images were used to test our segmentation method. Our segmen-
tation results were compared with the manually segmented contours (ground truth). The mean pros-
tate volume Dice similarity coefficient (DSC), Hausdorff distance (HD), mean surface distance
(MSD), and residual mean surface distance (RMSD) were 0.92 + 0.03, 3.94 4+ 1.55, 0.60 £ 0.23,
and 0.90 £+ 0.38 mm, respectively.

Conclusion: We developed a novel deeply supervised deep learning-based approach with reliable
contour refinement to automatically segment the TRUS prostate, demonstrated its clinical feasibility,
and validated its accuracy compared to manual segmentation. The proposed technique could be a
useful tool for diagnostic and therapeutic applications in prostate cancer. © 2019 American Associa-
tion of Physicists in Medicine [https://doi.org/10.1002/mp.13577]

Key words: deeply supervised network, deep learning, prostate segmentation, transrectal ultrasound
(TRUS)

Prostate cancer is the second leading cause of cancer-re-
lated death in men in the United States.' Transrectal ultra-
sound (TRUS) is a standard imaging modality for image-
guided prostate-cancer procedures (e.g., biopsy and
brachytherapy).” Accurate segmentation of the prostate
plays a key role in biopsy needle placement, radiotherapy
treatment planning, and motion monitoring.> Manual seg-
mentation during biopsy or radiation therapy planning can
be time-consuming and subject to inter- and intraobserver
variation.* As ultrasound images have a relatively low sig-
nal-to-noise ratio (SNR), automated segmentation of the
prostate is challenging.

1 Med. Phys. 0 (0), xxxx 0094-2405/xxxx/0(0)/1/xx

Recently, a number of techniques have been developed to
segment the prostate from TRUS images. The current TRUS
segmentation techniques can be briefly summarized as the
following:

1. Non-machine-learning-based methods include con-
tour and shape-based methods and region-based
methods.” Contour and shape-based methods seg-
ment the prostate based on boundary information,®
which can be affected by ambiguous boundaries of
the prostate apex and base in TRUS images. Prior
shape information has been applied to address this
issue.”® Region-based methods use predominant
intensity distributions of the prostate region to

© 2019 American Association of Physicists in Medicine 1
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segment the TRUS contour, which are affected by
the speckle noise in TRUS images. In addition,
there are many non-machine-learning-based methods
including atlas-based,”'® graph-based,'"'* or level
sets-based methods.'*'* Ghose et al. reviewed these
methods in detail.’

2. Machine learning-based methods cluster the TRUS
voxels into prostate and non-prostate tissues based on
different leaning-based models. These methods can be
classified into two types, either using unsupervised or
supervised models. The unsupervised methods perform
tissue classification based on TRUS contour informa-
tion,">'® and shape priority."” The supervised methods
train a classifier using a set of training data with their
associated labels (prostate or non-prostate) and then
the well-trained classifier performs the segmentation
for a newly acquired ultrasound image.'®"” The super-
vised methods can be grouped into support vector
machines (SVM)-based, random forest-based, and the
deep learning-based methods. The SVM-based and
random forest-based methods use TRUS contour
boundary information, such as texture features or shape
statistic information, to train a SVM or random forest
classifier for future segmentation.”’>> To address the
problem that traditional machine-learning-based meth-
ods are challenging to handcrafted, high-dimensional,
and ill-posed mapping from TRUS image to binary
segmentation, a deep learning method has been intro-
duced into medical image segmentation.”~ " Yang
et al. incorporated an auto-context model into recurrent
neural networks to deal with the severe boundary
incompleteness and enhanced the performance in pros-
tate boundary delineation.>! However, this method was
based on two-dimensional (2D) patch inputs, which
lacks spatial information and thus results in ambiguous
boundary segmentation in low-contrast regions such as
the prostate apex and base. Ghavami et al. proposed a
method based on an improved convolutional neural
networks (CNN) for 2D and three-dimensional (3D)
TRUS images’ prostate segmentation.”> However, due
to the lack of a stage-wise deep supervision, training
such a network with limited patient data is difficult
when all the convolutional kernels of each stage are
optimized only based on a loss function at the final
stage. Zhu et al. involved a deep supervision strategy
into CNN for prostate segmentation.”” Zeng et al. uti-
lized magnetic resonance imaging priors for TRUS
prostate segmentation.**

In this work, we proposed a multidirectional and multi-
derivative deep learning-based method to automatically seg-
ment the prostate. The contributions of the paper are as
follows:

1. To cope with the optimization difficulties of training
the deep learning-based model with limited training

data, a deep supervision strategy with a hybrid loss

Medical Physics, 0 (0), xxxx

function (logistic and Dice loss) was introduced to the
different stages. These mechanisms could make the
residual information semantically meaningful for the
early stages and final stage in the network, and thus
reduce convergence time and improve the segmentation
performance of the network when training with limited
patient data.

2. To reduce possible segmentation errors at the pros-
tate apex and base in TRUS images, we introduced
a multidirectional-based contour refinement model
to fuse transverse, sagittal, and coronal plane-based
segmentation.

3. The multiderivative images including the 3D origi-
nal TRUS and multiple filtered images were used
as multichannel samples to train the proposed net-
work, which could perform a cross-modality feature
learning to enhance the networks’ capacity and per-
formance.

The paper is organized as follows: We first provide an
overview of the proposed TRUS prostate segmentation frame-
work in Materials and Methods, followed by detailed descrip-
tion of the multiderivative preprocessing, deeply supervised
V-Net, and then multidirectional-based contour refinement
post-processing. We evaluated the proposed method through
a comparison with state-of-art segmentation methods U-
Net*® and V-Net”® and verified their performance using clini-
cal data. Finally, along with an extended discussion, we con-
clude the presentation of our novel TRUS prostate
segmentation framework.

2. MATERIALS AND METHODS
2.A. Overview

The proposed prostate segmentation method consists of a
training stage and a segmentation stage. For a given pair of
TRUS image, the corresponding manual contour was used as
the learning-based target. Both TRUS images from the train-
ing and testing sets were preprocessed to remove noise by
bias correction and a despeckling method.*” Multidirectional-
based deep learning networks were trained using images in
the transverse, sagittal, and coronal planes. For each plane,
TRUS images were filtered by 3D Gaussian, mean, and med-
ian filters. The filtered images, together with original images
were used to constitute a 4-channel image data, or multi-
derivative-based data. A 3D patch-based V-Net* architecture
was introduced to enable end-to-end learning. A deep super-
vision strategy>® combined with hybrid loss was used to dee-
ply supervise the network. During the segmentation stage, 3D
patches were extracted from multiderivative images of newly
acquired images as the input of the well-trained networks,
which performed a patch-based segmentation. The seg-
mented prostate volume was obtained by patch fusion and
was refined by multidirectional-based contour refinement.
Figure 1 outlines the workflow schematic of our segmenta-
tion method.
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FiG. 1. The schematic flow diagram of the proposed method.

2.B. Multiderivative image

In the training of a segmentation network, extracted fea-
tures from the entire image can enhance the segmentation
accuracy by providing structural, global, and spatial infor-
mation. However, it is typically not feasible to use whole
3D TRUS images due to the computational cost. In order
to address the challenge of large-scale TRUS data, serial
3D image patches were extracted for the training. More-
over, for a successful segmentation task, it is important for
a network to extract more and deep features of prostate in
TRUS images. Thus, handcrafted filters, for example, 3D
mean, median, and Gaussian filters were introduced to
enhance the feature extraction of the prostate boundary.
This was done through smoothing and denoising the origi-
nal TRUS images to reduce the uninformative artifact tex-
ture in the original TRUS images, as shown in Fig. 2.
Then, 3D patches of the original TRUS image and its mul-
tiderivative counterparts were used as the multichannel
input samples to train our network.

Medical Physics, 0 (0), xxxx

2.C. Deeply supervised V-Net

Our proposed network architecture (yellow part of Fig. 1)
was inspired by a well-known end-to-end V-Net.”® The prin-
ciple advantage of a V-Net is its ability to perform voxel-wise
error back-propagation during the training stage, and generate
a segmented patch with the same size as the input patch dur-
ing testing.”®

As shown in Fig. 1, the network consists of compression
and decompression paths, and a bridge path that connects
these two. The compression path is constructed by 1, 2, or 3
convolutional layers, which are called convolutional compo-
nents, followed by a “down” convolutional layer to reduce the
resolution. The decompression path is constructed by 1, 2, or
3 convolutional layers and followed by an “up” convolutional
layer to enhance the resolution. The bridge path concatenates
the feature maps from equal-sized compression and decom-
pression paths.

From up to down, the network is grouped as five stages
with different resolutions. Each stage consists of a
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H

(f3)

FiG. 2. The multiderivative images and the corresponding prostate. (al—a3) TRUS images represented in transverse plane, sagittal plane, and coronal plane. (b1—
b3), (c1—c3), (d1-d3) Corresponding images generated by 3D Gaussian filter, 3D mean filter, and 3D median filter. (e1-e3) Corresponding prostate masks based

on physicians' manual contours. The display window for (a—d) is [0, 200].

compression path, a bridge path, a decompression path, a
soft-max operator, and a threshold to binarize the output
(with 0 and 1 denoting prostate and non-prostate regions,
respectively). Assume input patch size of our network is
X x Y x M, where X and Y denote the length and width of
slice in our work, M denotes the number of slices. From up
to down, the first stage generates feature maps with a size of
X x Y x M, and is the final stage The second stage generates
feature maps with a size of 5 L 5 x M and is the high-resolu-
tion stage The third stage generates feature maps with a size
of 4 X 4 x M and is the modest-resolution stage The fourth
stage generates feature maps with a size of ¢ X% s X —, and is
the low- resolution stage. The last stage’s output size is
% x & x4, which we denote the last stage as the bridge
stage. The kernel size and stride size of the “down” convolu-
tional layer and the corresponding “up” convolutional layer
in the final, and the high-resolution stages are both set as
2 x 2 x 2. The kernel size and stride size of the convolu-
tional component in the final and the high-resolution stages
are setas 3 x 3 x 3and 1 x 1 x 1, respectively. Since the
depth of patch is reduced to one in the last three stages, the
kernel size and stride size of the “down” convolutional layer
and the corresponding “up” convolutional layer in the mod-
est-resolution, low-resolution, and bridge stages are set as
2 x 2 x land2 x 2 x 1, respectively. The kernel size and
stride size of the convolutional component in the modest-res-
olution, low-resolution, and bridge stages are set as
3x3xland1 x 1 x 1, respectively.

2.C.1. Deep supervision

To cope with the optimization difficulties when training a
deep network with limited data, we incorporated deep

Medical Physics, 0 (0), xxxx

supervision®™® into a V-Net, as shown in green part of
Fig. 1. Since the output sizes of these stages are equal to the
original input size, for the final and high-resolution stages, an
“up” convolution operator was not needed to retrieve the
image size. Since the patch is downsampled by factors of two
and four, in order to obtain an equal-size output in the mod-
est-resolution and low-resolution stages, these two stages are
followed by one or two more “up” convolution operators, and
then followed by a soft-max and threshold operator to obtain
the equal-size segmentation.

2.C.2. Hybrid loss function

Recent work has used either logistic or Dice loss as loss
functions in their networks.”®*® We proposed to combine
logistic loss which is used to measure dissimilarity, with Dice
loss which is used to measure similarity, into a hybrid loss
function to supervise our network at four stages. Voxel-wise
binary cross-entropy (BCE) loss is commonly used as a logis-
tic loss. Since the segmentation task can be regarded as a bin-
ary regression, we used the voxel-wise BCE loss as the
logistic loss function. The BCE loss is defined as follows:

LBCE IB;IB ZIBI IOg IB (1 —IBj)IOg(l —ij)

(D

where Iz denotes the voxel value in manual segmentation, fB
denotes the voxel value of the automatic segmentation gener-
ated in final, high, modest, and low-resolution stages. j
denotes the j—th voxel. I or I equal to 1 indicates the voxel
belongs to the segmented prostate, vice versa.

A Dice similarity coefficient (DSC) loss?®
duced, which is defined as:

is also intro-
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2|15 NIs|

_ 2)
|| + |Is]

Lpsc(Is,Is) = 1 —
where I denotes the prostate mask from manual contour, and
Is denotes the prostate mask from automatic segmentation in
final, high-, modest- and low-resolution stages.

Combining the above two loss functions, the hybrid loss
function for deep supervision at the different stages is defined
as follows:

4
Liinar (I, 1) Z J1(Lice (Ip, 1) + uLpsc(Is, I%) ) 3)
=1

where [/ denotes the stage of our network. 4; denotes the regu-
larization weights of each stage’s loss, and is set by 4; = p'~!,
empirically. Since the resolution difference of each stage, we
set p € (0, 1]. p is a balancing parameter, which balances the

BCE and DSC losses.

2.D. Multidirectional-based contour refinement

As stated in Section 2.B, if we used only input slices
from the transverse plane, the prostate apex and base can-
not be accurately identified on TRUS. To address this
issue, we propose a post-processing method called multidi-
rectional-based model to automatically refine the segmen-
tation results. X A

SUPPOSC Ilransversw Isagiltala and Icnronal are the three seg-
mentations from the transverse, sagittal, and coronal planes.
Since the refinement’s range-of-view occurs in the apex and
base of the prostate, that is, around the poles of the contour
surface in the z-axis. Thus, we cast N rays from prostate
contour’s central position O. These N rays are generated by
restricting the variation range of the polar angle along the
z-axis, as shown in Fig. 3. The orange lines of Fig. 3(c)
shows the distribution range of N rays, where 6 denotes the
polar ray’s polar angle, the range of 6 is [—30°, 30°], ¢
denotes the polar ray’s azimuthal angle, the range of ¢ is
[0°, 360°). The orange lines of Figs. 3(a) and 3(b) show
the distribution of N rays in the sagittal and coronal planes,
respectively.

As shown in Figs. 3(a) and 3(b), these polar rays have N
intersection points with the surface of prostate contour. We

(b)

denote the intersection coordinates of segment contours
{lransversev Isagltta] and Icorona] with ray n as Itranwerﬂe (}’l)
Lagitral () and Icorondl( ), n=1,2,...N. The multidirectional-
based contour refinement is performed by calculating the dis-
tance between these three contours. The distance is defined
as follows:

d(”) = |’ilrafsver§e eagmal H
R (l’l) Icoronal( )H
+ ||Isagittal coronal || (4)

where |15 (n), I (n)|| denotes the Euclidean distance between
the coordinates I5(n) and Ig(n). Then, inspired by Ding’s
work,? the multidirectional-based contour refinement is
implemented differently based on this distance. The refine-
ment is given as follows:

. ilra.nsverse (n>+iSagitlal <n>+jcomnal (”)
)
Ifina (n) = ; 2

if d(n) <do

otherwise

S

Lsagittal (1) +Ieoronal (1)
2 )
where d is a fixed threshold, as previously recommended
by Ding et al.’® If d(n)<dy, we assume that the three
contours at this point are well-matched, the final segmen-
tation is refined by the average of the three contours.
Otherwise, we assume that the three contours at this point
are not well-matched, and the final segmentation is refined
by the average of contours generated from sagittal and
coronal planes. Finally, the refined segmentation around
apex and base is obtained by mesh smoothing on these
points.

2.E. Dataset and quantitative measurements

We tested the proposed method using 44 patients” TRUS
data. All were acquired using a Hitachi ultrasound scanner
with a 7.5-MHz biplane probe. Each 3D TRUS image is com-
posed of 1024 x 768 x 216 voxels. The voxel size is
0.12 x 0.12 x 1.0 mm’. We used leave-one-out cross-vali-
dation methods to evaluate the proposed segmentation algo-
rithm. Specifically, we excluded one patient from dataset for
training our deep learning-based segmentation model. During
training stage, one fivefold cross-validation was used to train
the model, that is, the random selected 80% patch samples
were used to train the model, and the rest 20% patch samples

FiG. 3. The visual result of polar rays' distribution. (a) and (b) Polar rays' distribution by orange line in sagittal plane and coronal plane, where the red lines show
the manual contour of prostate. (c) Distribution of polar rays in both polar coordinate and Cartesian coordinate. The display window for (a) and (b) is [0, 200].
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were used for validation. After training, this excluded
patient’s TRUS image was used for segmentation test. Our
segmentation results were compared with the manually cre-
ated contours. All manual prostate glands contours were cre-
ated on TRUS images by an experienced physician. We
calculated the DSC, precision score, recall score, Hausdorff
distance (HD), mean surface distance (MSD), and the resid-
ual mean square distance (RMSD) between the two contours
to evaluate the accuracy of our segmentation method. The
DSC, precision, and recall scores are used to quantify volume
similarity between two contours. The HD, MSD, and RMSD
metrics are used to quantify boundary similarity between two
surfaces. Generally, more accurate segmentation results are
associated with lower HD, MSD, and RMSD scores and
higher DSC, precision, and recall scores. Due to low contrast,
the most challenging regions in TRUS prostate segmentation
are the base and apex. We also conducted a regional analysis
to measure errors in the base and apex sections of the
prostate.

In order to illustrate the significant improvement of our
proposed step-by-step enhancement, a paired two-tailed t-test
were used for comparison of the outcomes between two
numerical results groups calculated from all patients’ data. To
furfure evaluate the performance of matrices (DSC, precision,
recall, HD, MSD, and RMSD), we computed the corrected p-
values through the Holm-Bonferroni method, for which we
set o < 0.05.%°

2.F. Parameter performance

In general, segmentation performance can be improved by
one of several parameters: larger patch size, larger batch size,
and more epochs. There is a tradeoff between segmentation
performance and the computation complexity and memory
requirements raised by these parameters. In order balance
competing demands, we empirically set the initial patch size
as 256 x 256 x 4, the number of epochs to 180, and the
batch size to 40.

To test the influence of weighting parameter p and balanc-
ing parameter ¢ in our proposed hybrid loss function, we
fixed the parameters setting, detailed in Appendix Table S1,
and tested these two parameters. Fourfold cross-validation
was used for this evaluation. Appendix Fig. S1 plots the aver-
aged DSC as a function of these two parameters, which illus-
trates that p = 0.8 and p = 2 are adequate for our TRUS
prostate segmentation. We set the number of rays as 360 to
make the refined contours smooth and more detailed at
boundaries.

3. RESULTS

3.A. Comparison between multiderivative-based
and single image input

To evaluate the influence of multiderivative-based image
input, we compared the convergence of our proposed algo-
rithm using the original image and the multiderivative-based
images as an input. Appendix Fig. S2 shows the average DSC
and loss convergence curve of these two methods. The mean
DSC based on a batch converges faster with the multideriva-
tive-based input, especially if the epoch value is <40. Fig-
ure S2 also shows the best DSC and loss, and their epoch
number of these two algorithms. The epoch number with the
best DSC’s and loss of a multiderivative-based input is much
smaller than with a single input.

Compares the segmentation produced with the proposed
method using a single (original image) or multiderivative-
based image input. Because more informative and structural
features can be more easily captured from a multiderivative-
based input than an original image input, the final segmented
prostate [Appendix Fig. S3(b2)] and the prostate probability
maps at high-, modest-, and low-resolution stages of multi-
derivative-based image input are closer to the manual contour
(ground truth) compared with those of an original image
input alone. Table I quantitatively compares 44 patients’ data
based on leave-one-out cross-validation, showing the results
of multiderivative input are better than the single input in pre-
cision, recall, HD, and RMSD.

3.B. Contribution of deep supervision

To demonstrate the efficiency of deep supervision, we
compared the results of a V-Net and our proposed algorithm
without contour refinement, that is, deeply supervised V-Net
(DS-V-Net). The aim was to show the contribution in three
different aspects: (a) the segmented prostate probability maps
of four stages, (b) the 3D scatter plot of the first three princi-
ple components of randomly selected patches from the proba-
bility maps at each stage, and (c) the batch-based mean DSC
convergence.

As shown in Appendix Fig. S4, the probability maps of
each stage for the apex, middle, and base of the prostate gen-
erated by DS-V-Net can identify the prostate boundary with
deep supervision. In contrast, the probability maps generated
by the traditional V-Net cannot do the same, especially for
the high-resolution stage.

Figure 4 shows 3D scatter plots of the first three princi-
ple components of patch samples in the probability map of

TasLE I. Quantitative comparison of the proposed deep supervised V-Net with multiderivative-based and single input.

Metric DSC Precision Recall HD (mm) MSD (mm) RMSD (mm)
Original 0.908 £ 0.030 0.893 £ 0.058 0.927 £ 0.046 3911 + 1.558 0.605 £ 0.228 0.904 £+ 0.377
Multiderivative-based 0.912 £+ 0.026 0.897 £ 0.056 0.930 £ 0.043 3.996 + 1.560 0.607 £+ 0.228 0.907 £+ 0.377
P-value 0.078 0.012 0.041 <0.001 0.076 0.038

DSC, Dice similarity coefficient; HD, Hausdorff distance; MSD, mean surface distance; RMSD, residual mean surface distance.
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each stage. We randomly selected 4000 samples from the
prostate region as well as 4000 samples from a non-prostate
region around the prostate boundary, as shown in Fig. 4(a2).
From the scatter plots of a V-Net at final, high-, modest-,
and low-resolution stages, as shown in Figs. 4(bl)-4(el),
there can be seen a large overlap between the samples from
prostate and non-prostate regions. It is difficult to directly
separate the prostate and non-prostate samples using a tradi-
tional V-Net. Whereas in Figs. 4(b2)—4(e2), the prostate and
non-prostate samples can be approximately separated by a
plane, demonstrating the benefit of using a deep supervision
strategy.

The batch-based mean DSC was used as a metric to com-
pare the convergence of a V-Net and our DS-V-Net (shown in
Appendix Fig. S5). The epoch values that our DS-V-Net
reaches its best DSC are much smaller than the correspond-
ing values that the V-Net reaches its best DSC for both the
training and validation folds. This demonstrates that the deep
supervision strategy can accelerate the training convergence
of our deep-learning-based segmentation. We did not use loss
as a metric, because the loss function of a V-Net is computed
only in the final stage, whereas the loss function of our DS-
V-Net is calculated by the summation of all four stages’ loss.
Table II quantitatively compares our DS-V-Net vs the V-Net
based on the leave-one-out cross-validation of 44 patients’

(a1) (b2)

data. As shown in Table II, our DS-V-Net significantly
improves the DSC, precision, HD, and RMSD over that of
the V-Net.

3.C. Comparison of the loss function

In order to compare the influence of different loss func-
tions, we compared the proposed DS-V-Net with the Dice,
the BCE, and the hybrid loss functions. Appendix Fig. S6
shows a segmentation comparison from our DS-V-Net
based on three different loss functions in transverse, sagittal
and coronal planes. The segmented prostate using the
hybrid loss function most closely resembles the manual seg-
mentation. Moreover, since the manual segmentation is
delineated on transverse slices, it can have some gradient
and sharp shape regions, as seen in the manual contours in
sagittal and coronal planes [Appendix Figs. S6(a4) and
S6(a6)]. The segmentation results of our DS-V-Net based
on the hybrid loss function [Appendix Figs. S6(b6) and
S6(b9)] can also smooth the edge of prostate contour,
whereas DS-V-Net based on a BCE or Dice loss function
cannot, especially for a BCE loss function alone.

Appendix Table S2 quantitatively compares the performance
of the proposed DS-V-Net with that of three different loss
functions, showing that our DS-V-Net with the hybrid loss

(d2) (e2)

FiG. 4. An illustrative example of the benefit of our deeply supervised V-Net compared with V-Net without deeply supervision, (al) Transrectal ultrasound
(TRUS) image in transverse plane. (a2) Sample patches' central positions drawn from test TRUS images, where the samples belonging to the prostate are high-
lighted by green circles and the samples belonging to the non-prostate are highlighted by red asterisks. (bl—el) Scatter plots of the first three principle compo-
nents of corresponding patch samples in probability map at the final, high-resolution, modest-resolution, and low-resolution stages by using a V-Net,
respectively. (b2—e2) Scatter plots of first three principle components of corresponding patch samples in the probability maps at the final, high-resolution, mod-
est-resolution, and low-resolution stages by using our deeply supervised V-Net (DS-V-Net), respectively. The position of the viewer in (bl—el) and (b2-e2) is
azimuth = 20°and elevation = 20°.

TasLE II. Quantitative comparison of the proposed deep supervised V-Net vs a V-Net without deep supervision.

Metric DSC Precision Recall HD (mm) MSD (mm) RMSD (mm)
V-Net 0.905 £ 0.030 0.881 + 0.060 0.935 £ 0.043 4.643 £ 1.926 0.657 £ 0.270 0.977 £ 0.377
DS-V-Net 0.912 £ 0.026 0.897 £ 0.056 0.930 £ 0.043 3.996 + 1.560 0.607 £+ 0.228 0.907 £ 0.377
P-value <0.001 <0.001 0.561 0.001 0.007 0.021

DSC, Dice similarity coefficient; DS-V-Net, deeply supervised V-Net; HD, Hausdorff distance; MSD, mean surface distance; RMSD, residual mean surface distance.
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function slightly better than DS-V-Net with BCE or DSC
loss functions. Thus, we adopted the hybrid loss as the loss
function for our method.

3.D. Contribution of multidirectional-based contour
refinement

The main challenge in TRUS prostate segmentation is
to accurately delineate the prostate at the apex and base.
We compared segmentation results from our proposed
DS-V-Net with and without contour refinement to evalu-
ate the influence of multidirectional-based refinement,
especially at the prostate apex and base. Figure 5 shows
our segmentation results with and without a multidirec-
tional-based refinement. The segmentation generated from
only the transverse plane has discontinuous boundaries
around the apex and base regions [Fig. 5(cl)-5(c2)],
whereas the segmentation generated by sagittal and coro-
nal planes can keep the continuity of the contour bound-
ary [Figs. 5(d1)-5(d2), 5(el)-5(e2)]. In addition, as
shown in Figs. 5(a3)-5(f3) and 5(a4)-5(f4), the bound-
aries of manual contour are not well-matched to the orig-
inal TRUS images, thus the segmentation results based
on any one of three planes introduce ambiguous bound-
aries. Even in these situations, the proposed DS-V-Net
with a contour refinement (DS-CR-V-Net) can still main-
tain a reasonable and smooth boundary. Table III quanti-
tatively compares segmentation results with and without
contour refinement based on leave-one-out cross-validation
of 44 patients’ data.

3.E. Comparison with state-of-art methods

In order to evaluate and verify the performance of our pro-
posed method, we compared its performance against state-of-
the-art prostate segmentation algorithms based on U-Net,*° V-
Net,?® deeply supervised U-Net (DS-U-Net),”* and CNNs.*?
Figure 6 compares the segmentation results between these
methods and our proposed DS-CR-V-Net. In Figs. 6(al)-
6(gl), five algorithms have similarly segmented prostate in a
high-contrast TRUS image. However, in a low-contrast TRUS
image, the segmented prostate from our DS-CR-V-Net much
more closely represents the real prostate than comparison
methods as shown in Figs. 6(a2)-6(g2). Furthermore, as
shown in Figs. 6(a3)-6(g3), 6(a4)-6(g4), all the comparison
methods could not accurately identify the prostate boundary at
the apex and base with a low contrast in prostate TRUS
images, while our proposed DS-CR-V-Net with a contour
refinement model, demonstrating that our method outperforms
these four state-of-art deep learning segmentation algorithms.

Table IV shows a quantitative metrics comparison of prior
methods as well as our DS-CR-V-Net based on the leave-one-
out cross-validation. All the comparing algorithms were per-
formed using their best parameter setting. As shown in
Table V, there is a significant improvement on all metrics
between our proposed DS-CR-V-Net method over the V-Net
and DS-U-Net methods. Table V also shows the corrected P-
value calculated through the Holm-Bonferroni method*® with
p-values obtained by comparison between our method and
four other methods. Any corrected P-value less than alpha
(0.05) is significant. A binary vector h has the same

Fic. 5. Comparison of segmented prostates with and without multidirectional-based refinement. (al—a2) Transrectal ultrasound (TRUS) images shown in sagittal
plane, (b1—f1) and (b2—f2) corresponding manually contoured prostates, the segmented prostate from transverse, coronal, and sagittal planes, and the segmented
prostate with the multidirectional-based refinement, respectively. (a3—a4) TRUS images shown in coronal plane, (b3—£3) and (b4—f4) Corresponding manual con-
tour, the segmented prostate from only transverse, coronal, and sagittal planes, and the segmented prostate with the refinement, respectively. The display window

size of (al—a4) is [0, 200].
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TasLE ITI. Quantitative metrics comparison with and without contour refinement.

Metric DSC Precision Recall HD (mm) MSD (mm) RMSD (mm)
Transverse 0.912 + 0.026 0.897 £ 0.056 0.930 £+ 0.043 3.996 + 1.560 0.607 + 0.228 0.907 + 0.377
Sagittal 0.914 £ 0.025 0.897 £ 0.057 0.931 + 0.043 3.981 + 1.573 0.607 £ 0.228 0.907 £+ 0.378
Coronal 0.916 £ 0.028 0.899 £ 0.059 0.930 £+ 0.044 3.999 + 1.546 0.606 £+ 0.228 0.907 £ 0.376
Our DS-CR-V-Net 0.919 + 0.028 0.906 £ 0.055 0.938 £ 0.043 3.938 + 1.550 0.599 £ 0.225 0.900 £ 0.377
P-value (Our vs Trans) <0.001 <0.001 <0.001 <0.001 0.002 <0.001

P-value (Our vs Sag) 0.004 <0.001 <0.001 0.009 0.002 <0.001

P-value (Our vs Cor) 0.064 <0.001 <0.001 <0.001 <0.001 <0.001

DSC, Dice similarity coefficient; DS-CR-V-Net, deeply supervised contour refinement V-Net; HD, Hausdorff distance; MSD, mean surface distance; RMSD, residual mean

surface distance.
u
u
(b3) (%)) (d3) (e3)
e | e« | @&
(b4) (e4)

FiG. 6. Segmentation comparison between the proposed deeply supervised contour refinement V-Net (DS-CR-V-Net) and comparing methods. (al—gl) High-
contrast transrectal ultrasound (TRUS) image of the mid-prostate in the transverse plane, the corresponding manual contour, segmented prostates using U-Net,
V-Net, convolutional neural networks (CNNs), deeply supervised U-Net (DS-U-Net), and our DS-CR-V-Net algorithms, respectively. (a2—g2) Low-contrast
TRUS image in mid-prostate on the transverse plane, the corresponding manual contour, segmented prostates using U-Net, V-Net, CNNs, DS-U-Net, and our
DS-CR-V-Net algorithms, respectively. (a3—g3) TRUS image at the prostate apex, the corresponding manual contour, segmented prostates using U-Net, V-Net,
CNNs, DS-U-Net, and our DS-CR-V-Net algorithms, respectively. (a4—g4) TRUS image at the prostate base, the corresponding manual contour, segmented pros-
tate generated by U-Net, V-Net, CNNs, DS-U-Net, and our DS-CR-V-Net algorithms, respectively. The display windows for (al—a4) are [0, 200].

(92)

(92) (f2)

(L)

(93)

(f4) (94)

dimensionality as corrected P-values. If the ith element of h
is 1, then the ith P-value is significant. As can be shown in
Table V, all P-values are significant in DSC.

We also conducted a regional analysis to further demon-
strate the improvement comparing with other state-of-the-art
methods, which includes U—Net,36 V—Net,26 CNNs,32 and DS-
U-Net.** We varied the number of cropped base (superior)
and apex (inferior) slices from 1 to 10 and measured the seg-
mented contour accuracy within these regions. Dice similar-
ity coefficient and HD were used to compare our proposed
method to the comparator methods, as shown in
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Appendix Tables S3 and S4. It is shown that with respect to
mean DSC of the base and apex regions, our method outper-
forms other methods.

Table VI show the p-values of the comparison between
our method and other methods in base and apex regions,
where the number of slices was four. Table VI also shows the
corrected P-values calculated through the Holm-Bonferroni
method*” with P-values obtained by comparison between our
method and four other methods. As can be shown in
Table VI, all p-values are significant in DSC of both base and
apex, and in HD of base region.
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TasLE IV. Quantitative metrics comparison of our proposed algorithm vs state-of-the-art methods.

Metric DSC Precision Recall HD (mm) MSD (mm) RMSD (mm)
U-Net 0.906 + 0.028 0.905 + 0.062 0.912 + 0.049 4.437 + 2.010 0.619 + 0.220 0.915 + 0.346
V-Net 0.905 + 0.030 0.881 + 0.060 0.935 + 0.035 4.643 + 1.926 0.657 + 0.270 0.977 + 0.410
CNNs 0.901 + 0.032 0.891 + 0.069 0.910 + 0.072 4.391 + 1.788 0.711 £ 0.315 1.043 + 0.479
DS-U-Net 0.911 + 0.03 0.901 + 0.05 0.926 £ 0.05 3.963 + 1.51 0.599 + 0.21 0.892 + 0.33
DS-CR-V-Net 0.919 + 0.028 0.906 + 0.055 0.938 + 0.043 3.938 + 1.550 0.599 + 0.225 0.900 + 0.377

CNNs, convolutional neural networks; DSC, Dice similarity coefficient; DS-CR-V-Net, deeply supervised contour refinement V-Net; HD, Hausdorff distance; MSD, mean
surface distance; RMSD, residual mean surface distance.

TaBLE V. P-values, corrected P-values, and h obtained by comparing our proposed algorithm with state-of-the-art methods in whole prostate region.

DSC Precision Recall HD MSD RMSD

P-value

U-Net <0.001 0.854 <0.001 0.063 0.423 0.689

V-Net <0.001 <0.001 0.561 0.002 0.007 0.021

CNNs <0.001 0.171 0.004 0.854 0.991 0.771

DS-U-Net <0.001 0.009 0.005 0.013 <0.001 0.001
Corrected P-value(h)

U-Net <0.001 (1) 0.855(0) <0.001 (1) 0.126 (0) 0.846 (0) 1.378 (0)

V-Net <0.001 (1) <0.001I (1) 0.561 (0) 0.008 (1) 0.022 (1) 0.063 (0)

CNNs <0.001 (1) 0.341 (0) 0.011 (1) 0.854 (0) 0.991 (0) 1.378 (0)

DS-U-Net <0.001 (1) 0.028 (1) 0.011 (1) 0.039 (1) 0.002 (1) 0.005 (1)

CNNs, convolutional neural networks; DSC, Dice similarity coefficient; DS-CR-V-Net, deeply supervised contour refinement V-Net; HD, Hausdorff distance; MSD, mean
surface distance; RMSD, residual mean surface distance. The italics format is used to show the P-value through paired two-tailed t-test and corrected P-value through
Holm-Boneferroni method, the italics and bold format is used to show the associated hypotheses for it corresponding corrected P-value, where 1 denoting significant, 0
denoting not significant.

physicians contouring on same patients separately. The
intraobserver study was performed by one physician contour-

TaBLE VI. P-values, corrected P-values, and h obtained by comparing our
proposed algorithm with state-of-the-art methods in low-contrast prostate

region. ing on the same patients separated by an interval of 3 weeks.
DSC base DSC apex HD base HD apex The volume percentage difference among observer 1 (O1-1),
2 (02), and 3 (O3) and our segmented contour were mea-
P-value sured for interobserver reliability. The volume percentage dif-
U-Net 0.014 0.001 <0.001 0.025 ference between two-time contours of the observer 1 (O1-1,
V-Net 0.009 0.042 0.010 0.031 O1-2), and our segmented contour were measured for
DS-U-Net 0.018 0.002 0.003 0.031 intraobserver reliability. Whole region, base, and apex were
CNNs 0.013 0.002 <0.001 0.149 used to evaluate. The metrics of these comparisons are shown
Corrected P-value (h) in Appendix Fig. S7.
U-Net 0.040 (1) 0.004 (1) <0.001 (1) 0.099 (0) Comparing the manual segmentations by three interob-
V-Net 0.037 (1) 0.042(1) 0.010 (1) 0.092(0) servers and our segmentation, the volume percentage differ-
DS-U-Net 0.029 (1) 0.005 (1) 0.006 (1) 0.099 (0) ence variance of our vs. three observers’ manual contour
CNNs 0.040 (1) 0.005 (1) <0.001 (1) 0.149 (0) (whole region 3.12% =+ 3.82%, base 16.95% =+ 19.67%, apex

19.51% =+ 19.15%) is smaller than that among three interob-
servers (whole region 4.46% + 6.40%, base

CNNs, convolutional neural networks; DSC, Dice similarity coefficient; DS-U-
Net, deeply supervised U-Net; HD, Hausdorff distance; MSD, mean surface dis-

tance; RMSD, residual mean surface distance. The italics format is used to show
the P-value through paired two-tailed t-test and corrected P-value through Holm-
Boneferroni method, the italics and bold format is used to show the associated
hypotheses for it corresponding corrected P-value, where 1 denoting significant, 0
denoting not significant.

3.F. Inter- and intraobserver reliability

In order to test the reliability of manual contours, we con-
ducted an inter- and intraobserver reliability study with nine
patients. The interobserver study was performed by three

Medical Physics, 0 (0), xxxx

2718% + 27.72%, apex 31.81% =+ 25.31%), which demon-
strated our method partially reduces interobserver variation.
Comparing the two manual segmentations by same observer
and our segmentation, the volume percentage difference vari-
ance of our vs intraobservers’ manual contour (whole region
3.46% + 4.01%, base 11.75% =+ 15.76%, apex
15.82% =4 15.35%) is smaller than that among two intraob-
servers (whole region 5.14% =+ 4.59%, base
20.83% =+ 23.03%, apex 27.84% =+ 23.26%), which demon-
strated our method partially reduces intraobserver variation. In
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prostate whole region, the inter- and intraobserver reliability
study showed the consistency in the manual segmentations.

4. DISCUSSION

We proposed a new prostate segmentation method which
incorporates a deep supervision strategy and multidirec-
tional-based contour refinement into a V-Net architecture to
automatically segment the prostate on TRUS images. Our
proposed method was evaluated against state-of-the-art deep
learning networks. As shown in Fig. 6 and Table IV, our pro-
posed method outperformed these two both qualitatively and
quantitatively. Ghavami et al. have reported their CNNs-
based TRUS prostate segmentation results with 10-fold
patient-level cross-validation.*> The DSC and MSD of 4055
2D TRUS images were 0.91 £ 0.12 and 1.23 £+ 1.46 mm,
respectively. The DSC of 110 3D TRUS images was
0.91 +£ 0.04. Our final results show the DSC and MSD of 44
3D TRUS images were 0.92 + 0.03 and 0.60 &+ 0.23 mm,
respectively. Considering the different TRUS database used
in our and Ghavami’s paper, we applied the Ghavami’s CNNs
into our TRUS database with the best performing parameter
settings, as shown in Fig. 6 and Table IV. Our proposed
method outperformed this method, using the same TRUS
database. In addition, the superior performance of our pro-
posed method was further demonstrated at the apex and base
regions from our region analysis study as shown in Table VI.

There are several limitations to our current methods. First,
our ground truth of prostate volume is from the manual con-
tours by physicians. These manual contours may have sys-
tematic errors and random errors. Our proposed method may
mitigates random errors. However, the systematic errors (e.g.,
physician’s contouring style) will affect our final segmented
results, but this would be expected to be a limitation to all
learning-based methods. Second, the computation complexity
is higher than the state-of-the-art algorithms due to three
more stages of deep supervision and corresponding upsam-
pling convolutional kernels. In our leave-one-out experi-
ments, the training time for a U-Net and V-Net are 1.35 and
1.70 h, whereas our proposed algorithm requires 1.85 h.
However, after training, our proposed algorithm has similar
segmentation times compared to these two algorithms. A sin-
gle prostate segmentation can be completed in 1-2 s. All the
algorithms were implemented in Tensorflow with Adam opti-
mizer and were trained and tested on a NVIDIA TITAN XP
GPU with 12 GB of memory. Third, it may require the intro-
duction of an adaptive and nonlinear contour refinement
model when the prostate surface of the three methods from
three different directions are not well matched. Improving
contour refinement, incorporating the conditional random
field, is a direction of for our future segmentation work. We
also plan to test the robustness and reliability of our TRUS
prostate segmentation using more patients’ data before we
apply our method to our ultrasound-guided prostate-cancer
radiotherapy procedure. In addition, the size of the patient
population is relative small. Evaluating the clinical utility of
the proposed method on more patients’ data will be our future

Medical Physics, 0 (0), xxxx

1"

work. With limited patient datasets available as training sam-
ples, data augmentation is essential to train the network with
the desired invariance and robustness properties. By artifi-
cially increasing the number of training examples, it helps
reducing overfitting and improves generalization. Especially,
for the computed tomography prostate segmentation, the
prostates’ size, shape, and position vary significantly among
individuals. Data augmentation can help introducing more
such training data diversity. In our implementation, data aug-
mentation was applied during training by flipping the images
left and right in transverse plane, rotating images by 90°,
180°, 270° in transvers plane, as well as random elastic
deforming training TRUS images and corresponding contour
binary masks. For deforming images, as recommended in
previous deep learning-based study,”® we generated smooth
deformations using random displacement vectors on a coarse
3 by 3 grid. The displacements were sampled from a Gaus-
sian distribution with 10 pixels standard deviation. Per-pixel
displacements are then computed using bicubic interpolation.
In our experience, the random elastic deformations of the
training data are the key concept to train a segmentation net-
work with limited number of annotated images.

Our proposed method does not need any manual interven-
tion in segmentation stage. We set input patch size as
512 x 512 x 4, which is a group of sequent slices within a
TRUS image volume. The patches were automatically
extracted by sliding the volume with overlap 0 x 0 x 2. We
used mean patch fusion to reconstruct the probability map,
and then use a threshold to get the binary mask.

5. CONCLUSIONS

We developed a novel 3D deeply supervised deep learning-
based approach to automatically segment the TRUS prostate.
A 3D deep supervision strategy has been utilized to address
limitations from the size of the training dataset and low con-
trast challenges in TRUS prostate segmentation. A multidirec-
tional-based contour refinement was used as a post-processing
to refine the segmentation results. Experimental validation
was performed to demonstrate its clinical feasibility and seg-
mentation accuracy. When considering the whole prostate, the
improvement of the proposed method is mostly in terms of the
Dice coefficient. In low-contrast regions, the comparison
between our method and other method is significant in DSC of
both base and apex regions, and in HD of base region. This
segmentation technique could be a useful tool for image-
guided interventions in prostate cancer diagnosis and treat-
ment. The role of multidirectional-based refinement in the
post-processing of TRUS contour is expected to continue to
grow as increasingly complex technological challenges and
associated robustness concerns need to be addressed.
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Additional supporting information may be found online in
the Supporting Information section at the end of the article.

Fig S1: DSC as a function of weighting parameter p
and balancing parameter | in our proposed hybrid loss
function.

Fig S2: Convergence of proposed deep supervised V-Net
with multi-derivative image and single image input.
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Fig S3: Comparison of segmented prostate contours from the
proposed deep supervised V-Net with multi-derivative image
to single image input.

Fig S4: Comparison of the prostate probability map at each
stage.

Fig S5: Batch-based mean DSC convergence of the V-Net
and our DS-V-Net.

Fig S6: Segmentation comparison from our DS-V-Net based
on three different loss functions.

Fig S7: Inter- and intra-observer reliability of the prostate
contours.

Table S1: Default parameter setting.

Table S2: Quantitative metrics comparison of the proposed
DSN-V-Net with three different loss functions.

Table S3: DSC of base and apex regions of our proposed
algorithm versus state-of-the-art methods.

Table S4: HD of base and apex regions of our proposed algo-
rithm versus state-of-the-art methods.
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Purpose

Develop a Doppler ultrasound imaging
technology to evaluate the blood flow of
Neurovascular Bundles in patients
receiving prostate cancer radiotherapy.
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Background

* Erectile dysfunction (ED) is the most common
complication of prostate radiotherapy.

* The most important cause is believed to be
radiation damage to the neurovascular bundle
(NVB), most commonly arteriogenic.

* Technique and data on the measurements of the
NVB function are lacking.
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Why Neurovascular Bundle?

— The structure most correlated with treatment-related ED
— Hypothesized to be the main cause of treatment-related ED

S Primary mechanism of action of major pharmacological agents
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Image Acquisition

— 8 prostate cancer patients
* HITACHI Avius
e 7.5MHz transrectal probe

* Lithotomy position

* mechanical stepper
— 3D B-mode images

 Parallel axial (transverse) scans are captured from base to
the apex with 1 mm/2mm step size

— Doppler scans
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Doppler Blood Flow of NVB & ED
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13.8 cmis -2.3 cmis Vm1
13.80 1.17 VT 0.01m
BG:30 DR:65 CG:40 CF.L DG:40 WF:84
75MHz  1k/5.0MHz 4k/5.0MHz  0°

cmis Vd1 Vm1
RI1 VT m
BG:30 DR:65 CG:40 CF:L DG:40 WF:84
75MHz  1k/5.0MHz 4k/5.0MHz  0°

Normal Erectile Function Erectile Dysfunction

PSV (cm/s) 13.80 9.31
EDV (cm/s) 2.25 3.37
RI 0.84 0.64

International Index of Erectile Function (IIEF) Questionnaire



ulse Waveform Extraction
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Doppler ultrasound image

Pulse waveform
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Waveform Morphological Feature
Extraction

Definitions:
* End of diastolic: EDV = ED,,
e Trough: Tr

. 1
Mean velocity: v, = — [ vdt

Total time: time from Tr to ED
PSV—EDV

PSV
PSV—-EDV

Resistance index: RI =

Pulsatile index: PI =
Um

. . SP

Upstroke time ratio: RT; = Tt

. . DS

Downstroke time ratio: RT, = Tt

: : : DS
* Time ratio between downstroke and upstroke time: RT3 = S—Pt
t
: : DS;—SP
* Scaled downstroke and upstroke time difference: RT, = S5k
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Results
— Among the 8 patients
T S Ao

PSV (cm/s) 10.11 4.45
EDV (cm/s) 1.39 0.95
Trv (cm/s) 1.35 0.95
Mean Velocity (cm/s) 4.09 1.47
Total Time (s) 0.88 0.13
Resistance Index 0.85 0.093
Pulsatile Index 2.16 0.78
RT1 0.17 0.067
RT2 0.82 0.057
RT3 0.21 0.10
RT4 0.67 0.127

— Comparison between the scans identified 4 reliable PW parameters:

Total Time, Resistance Index, RT2, and RT4.
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Conclusions

— We have developed a Doppler ultrasound imaging
technique, integrated with image processing and pulse
wave morphological features analysis to characterize blood
flow of NVB.

— Our preliminary data have demonstrated its feasibility and
identified reliable Doppler pulse wave features.

— We are acquiring more data and looking at the correlation

between Doppler pulse wave measurements and Erectile
Function in prostate cancer patients.
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	 1.INTRODUCTIONProstate cancer is the sec�ond lead�ing cause of cancer-re�lated death in men in the United States..B, if we used only input slices from the trans�verse plane, the prostate apex and base can�not be accu�rately iden�ti�fied on TRUS. To ad...
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