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Abstract

The need for training data can impede the adoption of novel imaging modalities
for deep learning-based medical image analysis. Domain adaptation can mitigate
this problem by exploiting training samples from an existing, densely-annotated
source domain within a novel, sparsely-annotated target domain, by bridging the
differences between the two domains. In this thesis we present methods for adapt-
ing between diffusion-weighed (DW)-MRI data from multiparametric (mp)-MRI
acquisitions and VERDICT (Vascular, Extracellular and Restricted Diffusion for
Cytometry in Tumors) MRI, a richer DW-MRI technique involving an optimized
acquisition protocol for cancer characterization. We also show that the proposed
methods are general and their applicability extends beyond medical imaging.

First, we propose a semi-supervised domain adaptation method for prostate
lesion segmentation on VERDICT MRI. Our approach relies on stochastic gener-
ative modelling to translate across two heterogeneous domains at pixel-space and
exploits the inherent uncertainty in the cross-domain mapping to generate multiple
outputs conditioned on a single input. We further extend this approach to the unsu-
pervised scenario where there is no labeled data for the target domain. We rely on
stochastic generative modelling to translate across the two domains at pixel space
and introduce two loss functions that promote semantic consistency.

Finally we demonstrate that the proposed approaches extend beyond medical
image analysis and focus on unsupervised domain adaptation for semantic segmen-
tation of urban scenes. We show that relying on stochastic generative modelling
allows us to train more accurate target networks and achieve state-of-the-art perfor-

mance on two challenging semantic segmentation benchmarks.
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address data scarcity problems beyond medical image analysis.
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Chapter 1

Introduction

Deep learning-based medical image analysis has the potential to transform health-
care by achieving high accuracy and efficiency on various diagnostic and treatment
processes [8, 9, 10]. In certain cases, where large, homogeneous datasets with high-
quality annotations are available, deep learning models have been shown to surpass

the performance of clinical experts [11, 12, 13, 14].

However, medical imaging is an evolving field and advanced imaging tech-
niques are constantly developed to replace or supplement existing techniques for
improved diagnosis. At the same time, annotating large-scale datasets for every
newly developed imaging technique is not always a feasible solution due to hu-
man labor and expertise required. Thus, the successful adoption of novel imaging
techniques for learning-based medical image analysis can be hindered by the need
of manual annotation of a large corpus of training data. This can result in inertia,
favoring earlier imaging techniques that come with larger training sets.

A potential solution to this problem is the development of domain adaptation
methods that leverage training samples from an existing, densely-annotated domain
within a novel, sparsely-annotated domain, by bridging the differences between
the two domains. This facilitates training powerful deep-learning models for novel
medical imaging modalities or acquisition protocols, effectively compensating for
the limited amount of training data.

Recent, pixel-level domain adaptation methods establish a transformation be-

tween the two domains that bridges the difference in their statistics while preserving
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the semantics of the translated samples [15, 16, 17, 18, 19, 20]. However, these ap-
proaches rely on the strong assumption that the translation is a deterministic func-
tion mapping a single source to a single target image. We address the challenge
of adapting to a more informative target domain where multiple target samples can

emerge from a single source sample.

We initially focus on prostate lesion characterization on an advanced diffusion-
weighted imaging (DWI) technique called VERDICT (Vascular, Extracellular and
Restricted Diffusion for Cytometry in Tumors) magnetic resonance imaging (MRI).
VERDICT MRI is a non-invasive imaging technique combining an advanced DWI
acquisition protocol and a mathematical model to estimate microstructural feature
of tumour in-vivo [21, 6, 22]. Compared to the naive DWI from multiparametric
(mp)-MRI acquisitions, VERDICT MRI has a richer acquisition protocol to probe
the underlying microstructure and reveal changes in tissue features similar to histol-
ogy. However, the limited availability of labeled training data prevents the training
of robust deep neural networks that could directly exploit the information in the
raw VERDICT MRI. On the other hand, large-scale, clinical mp-MRI datasets ex-
ist. We propose domain adaptation methods that exploit labeled mp-MRI data to
improve the generalization capabilities of prostate lesion characterization on VER-

DICT MRI.

We also demonstrate that the proposed methods are general and applicable
to visual scene understanding. Specifically we focus on semantic segmentation
of urban scenes and exploit synthetically generated datasets (GTAS [23], SYN-
THIA [24]) that come with rich ground-truth to train models that can perform well

in real images (Cityscapes [25]) with different appearance properties.

1.1 Thesis contributions and outline

The main goal of the thesis is to address data scarcity, i.e, the limited availability or
even complete lack of carefully annotated data required to build accurate predictive
models. Specifically, we focus on the development of domain adaptation methods

that allow leveraging labeled data coming from a related, densely-labeled source
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domain to train models that perform well on data coming from a sparsely-labeled
or unlabeled target domain. We propose a semi-supervised and an unsupervised
domain adaptation method for lesion segmentation on VERDICT MRI and we also
extend our methods to unsupervised domain adaptation for semantic segmentation

of urban scenes.

In Chapter 2 we provide a brief overview of the MRI sequences involved in
prostate cancer characterization. We discuss the different MRI imaging techniques
developed for prostate cancer characterization, their strengths as well as their limi-
tations. We also provide a brief overview of machine learning techniques for auto-

matic assessment of prostate mp-MRI.

In Chapter 3 we perform some preliminary analysis on VERDICT MRI. In
particular we investigate the potential of model-free prostate lesion classification
on the raw VERDICT MRI data using fully convolutional networks (FCNs). We
also examine whether the raw VERDICT MRI allows for better classification of
prostate lesions compared to the raw diffusion-weighed (DW) data and the apparent
diffusion coefficient (ADC) map from the mp-MRI acquisition. Our results indicate
that: 1) FCNs trained on VERDICT MRI achieve good performance in differenti-
ating between malignant and benign lesions and ii) FCNs trained and evaluated on
VERDICT MRI perform better than FCNs trained and evaluated on the naive DW
data and the ADC map from mp-MRI acquisitions. This chapter contains material

from [26, 27].

In Chapter 4 we propose a semi-supervised domain adaptation approach for
lesion segmentation. We rely on stochastic generative modelling to translate DW-
MRI from mp-MRI to VERDICT MRI and exploit the inherent uncertainty in the
cross-domain mapping to generate multiple outputs conditioned on a single input.
In addition, we enforce semantic consistency between the real and synthetic images
by exploiting both source-domain and target-domain lesion segmentation supervi-
sion to train target-domain networks operating on the synthetic images. This results
in training networks that can generate diverse outputs while at the same time pre-

serving critical structures. We further accommodate the statistical discrepancies
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between real and synthetic data by introducing residual adapters in the segmenta-
tion network. These capture domain-specific properties and allow the segmentation
network to generalize better across the two domains. When compared to its de-
terministic counter- parts, our approach yields substantial improvements across a
broad range of dataset sizes, increasingly strong baselines, and evaluation metrics.

This chapter contains material from [28, 29].

In Chapter 5, we propose an unsupervised domain adaptation approach for
prostate lesion segmentation. We rely on stochastic generative modelling to trans-
late across the source and the target domain at pixel space and introduce two new
loss functions that promote semantic consistency. Firstly, we introduce a semantic
cycle-consistency loss in the source domain to ensure that the translation preserves
the semantics. Secondly, we introduce a pseudo-labelling loss, where we translate
target data to source, label them using a source-domain network, and use the gener-
ated pseudo-labels to supervise the target-domain network. When compared to sev-
eral unsupervised domain adaptation approaches, our approach yields substantial
improvements, that consistently carry over to the semi-supervised and supervised

learning settings. This chapter contains material from [30, 31].

In Chapter 6, we extend our unsupervised domain adaptation approach for se-
mantic segmentation of urban scenes. We rely on stochastic generative modelling
to capture inherent translation ambiguities. This allows us to (i) train more accurate
target networks by generating multiple outputs conditioned on the same source im-
age, (i) impute robust pseudo-labels for the target data by averaging the predictions
of a source network on multiple translated versions of a single target image and
(ii1) train and ensemble diverse networks in the target domain by modulating the
degree of stochasticity in the translations. We report improvements over strong re-
cent baselines, leading to state-of-the-art unsupervised domain adaptation results on
two challenging semantic segmentation benchmarks. This chapter contains material

from [32].

Finally, in Chapter 7 we present conclusions and suggest future research direc-

tions.
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Chapter 2

Background

In this Chapter we provide a brief overview of the MRI sequences involved in
prostate cancer characterization. In Sec. 2.2, Sec. 2.3 we discuss the different MRI
imaging techniques developed for prostate cancer characterization, their strengths
as well as their limitations. We also provide a brief overview of machine learning

techniques for automatic assessment of prostate mp-MRI.

2.1 Prostate cancer diagnosis

Prostate cancer is the second most common cancer among men worldwide [37].
Early diagnosis and treatment are important to reduce the mortality rate. The stan-
dard procedure to provide a diagnosis of the disease is to carry out a systematic tran-
srectal ultrasound-guided (TRUS) biopsy when elevated levels of prostate specific
antigen (PSA) are reported in the blood. Usually, 10-12 biopsy cores (tissue sam-
ples) are sampled randomly from the prostate [38, 39]. These samples are further
evaluated based on the Gleason grading system [1, 40]. As illustrated in Fig. 2.1,
Gleason grading system defines five histological patterns or grades ranging from 1
(well differentiate glands) to 5 (no glandular differentiation) based on the degree of
differentiation of the cells. Initially, biopsy cores are assigned a grade and then the
grades of the two most prevalent patterns are combined to produce the final Gleason
Score ranging from 2 to 10 with higher score associated with worse prognosis; car-
cinoma of Gleason Score 2-4 is considered as well-differentiated, 5-7 as moderately

differentiated and 8-10 as poorly differentiated.
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PROSTATIC ADENOCARCINOMA
(Histologic Grades)

Figure 2.1: Histological patterns or grades of prostate adenocarcinoma based on Glea-
son grading system; it defines five patterns ranging from 1 (well differentiate
glands) to 5 (no glandular differentiation) based on the degree of differentiation
of the cells [1].

However, despite the importance of TRUS biopsy for prostate cancer diag-
nosis, it is a suboptimal diagnostic process [41, 42]. The biopsies are sampled
systematically but randomly from the prostate meaning that there is a high chance
of missing significant cancers or detecting insignificant cancers [43]. In particular,
overdiagnosis of insignificant disease occurs in up to 50% of the cases while un-
derdiagnosis occurs in 18% of cases, especially in the anterior apical regions of the
prostate [44]. As a consequence, repeated biopsies with associated patient discom-

fort and additional risks and costs are often necessitated [45].
Transperineal template-guided mapping (TTM) biopsy offers a diagnostic al-
ternative to TRUS biopsy providing better diagnostic accuracy [46, 47]. Transper-

ineal biopsies are obtained by sampling the entire prostate at 5 mm intervals [48].
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Thus, it provides additional information allowing for improved diagnostic accuracy.
Unfortunately though, it comes with additional risks for patients and increased cost
since it requires histological examination of a larger number of cores [49] and gen-
eral anesthesia since the biopsy is taken through the perineum. To address these
limitations, mp-MRI of the prostate is recommended before biopsy [50]. Pre-biopsy
mp-MRI reduces the number of biopsies and overdiagnosis of insignificant disease
and improves the detection of clinically significant prostate cancer [51, 41, 52];
clinically significant cancer is defined as Gleason score of 7 or greater. Clinically
significant prostate cancer has the potential to metastasize while insignificant not
metastasize and mostly results in indolent or slowly growing low-grade tumors.
Therefore accurate discrimination between clinically significant and non-clinically
significant prostate cancer is critical for risk stratification and clinical decision mak-

ing.

2.2 Multiparametric magnetic resonance imaging of

the prostate

MRI is a popular imaging technique providing useful insights about the human body
anatomy and pathology. mp-MRI, which consists of T2 weighed (T2W) imaging,
dynamic contrast enhanced (DCE) imaging, diffusion weighed (DW) imaging and
the corresponding ADC maps, has become a useful tool for prostate cancer detec-
tion.

Radiological interpretation, and reporting of prostate mp-MRI examination re-
lies on the Prostate Imaging Reporting and Data System (PIRADS) [53]. PI-RADS
assesses the likelihood of clinically significant prostate cancer on a 5-point scale for
each lesion. PI-RADS 1 and 2 lesions have been classified as clinically significant
cancer is highly unlikely to be present and clinically significant cancer is unlikely
to be present respectively. PI-RADS 3 lesions has been classified as the presence of
clinically significant cancer is equivocal and clinically significant cancer is unlikely
to be present. Finally, PI-RADS 4 and 5 lesions have been classified as clinically

significant cancer is likely to be present and clinically significant cancer is highly
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likely respectively.
Below we present the basic concepts of MRI and then describe in detail the

different MRI sequences used in prostate imaging.

2.2.1 Basics on magnetic resonance imaging

MRI relies on the interaction between an applied magnetic field and the nucleus
of hydrogen atoms that are abundant in the human body. The hydrogen nucleus
has a positive charge and possesses spin - rotates around its own axis and creates
magnetic field. In normal environment, the spin magnetic moments of the nuclei
are randomly oriented and therefore produce no overall magnetic field. When a
strong external magnetic field By is applied, the magnetic moments of the nuclei
align with the direction of this field and start precessing around it with a preces-
sional frequency or Lamor frequency @y which is proportional to the strength of the

magnetic field (Fig. 2.2).

o = YBo (2.1)

The net magnetization vector My of spinning nuclei can be decomposed into
two components that are perpendicular to each other: a longitudinal component M,
and a transversal component M,, with respect to the main magnetic field By such
that My = M, + M,,. When a radiofrequency (RF) pulse of the same frequency as
the Larmor frequency is applied perpendicular to the magnetic field By, the nuclei
gain energy and the net magnetization moves away from By (longitudinal axis) lying
at an angle to it (towards the transverse axis). As a consequence, the longitudinal

magnetization M, decreases while the transverse magnetization M,, increases.

When the RF pulse is removed the nuclei return to equilibrium and the net
magnetization vector realigns with By; the return to equilibrium is called relaxation.
During relaxation two independent processes occur: the longitudinal and transverse
relaxation. The longitudinal relaxation or T1 recovery is caused by the nuclei releas-
ing the absorbed energy to the surrounding environment allowing the longitudinal

magnetization to recover. The return of magnetization follows an exponential pro-
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Figure 2.2: Impact of magnetic field By on the magnetic moments of the nuclei. a) random
orientation of the spin magnetic moments of the nuclei, b) alignment of the
magnetic moments of the nuclei with the direction of the external magnetic field
By, c) precession of the magnetic moments of the nuclei around the magnetic
field By [2].

cess characterized by a tissue specific time constant T1. Transverse or T2 decay
occurs because of the interaction of neighboring nuclei (spin-to-spin interaction)
causing loss of coherence (dephasing) of the transverse magnetization. The decay
of the transverse magnetization follows also an exponential process characterized

by a tissue specific time constant T2.

2.2.2 Common MRI sequences for prostate imaging

MRI sequences are mainly characterized by two intrinsic parameters: the repetition
time (TR) and the echo time (TE). TR is the time between two successive RF pulses
applied to the same slice and determines the amount of T1 weighing on the contrast
of the image while TE is the time between the excitation and the collection of the
signal and determines the contribution of T2 weighting on the contrast of the image.
As we mentioned previously and also shown in Fig. 2.3, mp-MRI consists of T2W
imaging, DCE imaging and DW imaging [4, 54, 3], which are discussed below in

more detail.

2.2.2.1 T2W Imaging

T2W imaging is the first MRI sequence used to provide insights about prostate
anatomy and pathology [55, 56]. It provides great information regarding the

prostate’s zonal anatomy and it is also used to detect and evaluate abnormalities
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Figure 2.3: Multi-parametric magnetic resonance imaging (mp-MRI) of a patient with sus-
picion of clinically significant prostate cancer. It consists of T2-weighted
(T2W) imaging (A), dynamic contrast enhanced (DCE) imaging (B), diffusion
weighed (DW) imaging (D) and the corresponding ADC maps (C). The lesion
(orange circle) is appeared as a low-signal intensity structure in T2W image
(A), a high-signal intensity structure on the DCE image, a focal “white” area
on the DW image (b1400) (D) and a focal “black™ area with a low ADC value
© 3]

of the prostate.

Prostate contains three histological zones: the peripheral zone, transition zone
and the central zone. The peripheral zone is the largest part of the prostate com-
prising almost the 70 % of the prostate gland while the central and transition zone
comprise the 25% and 5% of the prostate gland respectively [57]. The peripheral
zone is characterized by higher signal intensity on T2W sequences compared to the
central and the transition zone which are visualized as a low intensity structures.
The central and peripheral zones have similar intensities and can be distinguished
based on their anatomical location [55, 56].

Prostate cancer is visualized as a low intensity mass in the peripheral zone and

it 1s relatively easy to be detected given that the peripheral zone is characterised
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by high signal intensity. Cancer detection in the transition zone can be challenging
since it is characterized by heterogeneous signal intensity which overlaps with the
signal intensity characteristics of cancer. However, there are some studies indicat-
ing that cancer detection in the transition zone is still possible since it is usually
appeared as homogeneous low intensity structure with ill-defined margins and lack
of capsule [58].

Despite the importance of T2W imaging in providing anatomical and patho-
logical information, it has some important limitations [59, 54, 60, 61]. As we
mentioned earlier, detection of cancer in transition zone is challenging leading to
reduced sensitivity. In addition, benign abnormalities such as prostatitis and benign

prostatic hyperplasia mimic cancer in transition zone leading to low specificity.

2.2.2.2 DCE Imaging

Functional sequences such as DCE imaging is used to improve the diagnostic per-
formance. DCE-MRI provides information about the vascularity of prostate cancer
tissue by assessing the enhancement pattern of tissue over time after the adminis-
tration of a contrast agent material such as gadolinium [62, 63]. The contrast agent
passes from the plasma to the extravascular-extracellular space (EES) with a rate
that depends on the vascular permeability, the vascular surface area and the blood
flow. In tumours, genetic mutations promote the development of new blood vessels
that are highly disorganised, abnormal and are characterized by increased perme-
ability [64] leading to a different enhancement pattern compared to the one observed
in normal tissues.

DCE imaging usually relies on a T1-weighed sequence to measure the en-
hancement pattern of the tissues since the presence of contrast agent in the extracel-
lular space shortens the relaxation time increasing contrast in T1-weighed images.
Qualitative analysis of DCE images involves examination of the enhancement pat-
tern in different locations. Malignant tumours are usually characterized by a signal
having an early, rapid and high enhancement followed by a fast washout. On the
other hand, normal tissue is characterized by slower enhancement for a few min-

utes after the injection. However, qualitative analysis is inherently subjective and
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thus less reliable. Semi-quantitative analysis aim at quantifying the measured signal
by extracting parameters such as the time to peak, maximum slope, peak enhance-
ment. In addition, several quantitative methods relying on pharmacokinetic mod-
elling have been proposed [65, 66]. These methods model the rate of transfer of
the contrast agent between plasma and EES; k4, corresponds to the rate of trans-
fer from plasma to EES while k., corresponds to the rate of transfer from EES to
plasma. These two constants are characterized by large values in cancer.
Combined DCE imaging and T2W imaging yields to improved diagnostic per-
formance compared to single T2W imaging. Nevertheless, DCE-MRI requires the
administration of a contrast agent and is characterized by low specificity since it has
some limitations in discriminating cancer between prostatitis in the peripheral zone

and highly vascularized benign prostatic hyperplasia in the transition zone.

2.2.2.3 DW Imaging

DW imaging has been demonstrated to be the most important component of mp-
MRI compared to T2W-MRI and DCE-MRI since it allows noninvasive assessment
of the complex tissue microstructure [67, 68, 54, 69]. DW imaging explores the ran-
dom displacement (also called Brownian motion) of water molecules caused by the
thermal energy carried by these molecules [70, 71]. As the displacement of water
molecules is influenced by tissue microstructure, by measuring this displacement
pattern, DW imaging is able to distinguish different microstructural environments.
In general, the movement of water molecules depends on the cellularity of the tis-
sue and the integrity of the cell membrane; higher restriction in the motion of water
molecules is observed in tissues with high cellular density such as tumours.
Typically, a T2-weighed sequence and diffusion-sensitizing gradients are used
for DW imaging. In particular, the intensity of the DW-MR signals becomes sen-
sitive to diffusion by applying a pair of dephasing and rephasing gradients; the
movement of water molecules between the application of the two gradients leads
to imperfect rephasing and corresponding signal loss. In general, the resulting MR
signal is inversely proportional to the movement of the water molecules. Tumours,

which are usually more cellular than normal tissues and do not permit great move-
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Figure 2.4: Diffusion-weighed images acquired using different b-values; 50 s/mm? (A),
800 s/mm? (B) and 1500 s/mm? (C). High b-values suppress prostatic tissue
allowing for better contrast between normal prostate and tumors (arrow) [4]

ment of water molecules, are characterized by high-intensity signals. Thus, the
DW-MR signal can provide information regarding the microstructural organization
of biological tissues.

A critical parameter in DW imaging is the b-value that describes the magnitude
and duration of the diffusion-sensitising gradients as well as the diffusion time. The
sensitivity of the DW-MR signal to the water diffusion can be changed by varying
the b-value; the higher the b-value characterizing the diffusion-sensitizing gradients,
the greater the degree of signal attenuation from water molecules. Images acquired
with zero b-values are equivalent to T2-weighed images.

In prostate, DW imaging is usually performed using b-values ranging between
0 and 1500 s/mm? [72, 5] (Fig. 2.4). Higher b-values (e.g. b=2000 s/mm?)
are useful in discriminating normal prostatic tissue mimicking cancer in lower b-
values [61]. In general, high b-values suppress prostatic tissue allowing for better
visualization of the tumour. However, images acquired with very high b-values tend
to have decreased signal-to-noise (SNR) and artifacts.

One of the disadvantages of qualitative assessment of DW images is that the
intensity of the signal depends on both water diffusion and T2 relaxation time. Thus,
areas with a very long T2 relaxation time may have high intensity on DW images,
a phenomenon called T2 shine-through [72, 5]. This issue can be addressed by

calculating the apparent diffusion coefficient (ADC) as follows:

1S
ADC = ——In— 2.2
png, (2.2)
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Figure 2.5: Diffusion-weighed (DW) image (A) and the corresponding ADC map (B). The
lesion (arrow) appears as a focal hyperintense mass on the DW image and
as a focal hypointense mass on the apparent diffusion coefficient map (ADC)
map [5].

where Sy and S are the images acquired with b0 (b = Os/mm?) and b respectively. A
large value in the DW image corresponds to a low value in the ADC map and vice

versa. Thus, lesions appear as focal “black™ areas in the ADC maps (Fig. 2.5).

2.2.3 Machine learning for cancer characterization

mp-MRI is very important for non-invasive localization, scoring and staging of ab-
normalities that may correspond to clinically significant prostate cancer . However,
radiological interpretation of mp-MRI often leads to over-diagnosis of low-grade or

non-clinically significant tumours and subsequent over-treatment [41].

Aiming to address this limitation and to speed up the radiological interpreta-
tion of MRI sequences by assisting radiologists, several studies focus on the devel-
opment of machine learning techniques for automatic assessment of prostate mp-

MRI.

In this section we provide an overview of computer-aided diagnosis (CAD)
systems for prostate cancer diagnosis on mp-MRI sequences. CAD systems for
prostate cancer are composed of several subsystems, i.e., prostate segmentation,
image registration, and lesion classification or segmentation [73]. Below, we review

the methods used in each subsystem.
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2.2.3.1 Segmentation

Prostate segmentation is usually performed to limit further analysis on the organ of
interest. In this section we present the different segmentation approaches used in

CAD systems for prostate cancer.

» Atlas-based segmentation. Litjens et al. [74] used an atlas-based segmenta-
tion approach similar to the one proposed in [75] to segment the prostate.
The segmentation is performed in two steps : 1) image registration and 2) at-
las label image fusion. In the image registration step, new subject images are
registered to the atlas images using a non-rigid registration algorithm. The
registered images are applied to the label images. In the label image fusion
step, the labelled images for each subject are combined to one labelled image.
In [76], Litjens et al. extended the atlas-based segmentation approach used
in [74] applying an atlas selection mechanism presented in [77] to improve

label image fusion.

* Model-based segmentation. Viswanath et al. [78] used a novel active shape
model (ASM) called MANTRA (Multi-Attribute, Non-Initializing, Texture
Reconstruction Based Active Shape Model) proposed in [79] to segment the
prostate. Reba et al. [80, 81, 82] performed prostate segmentation using a
level set method. In their work, the speed function controlling the evolution of
the surface is estimated by fusing image intensity and prostate shape features

using a non-negative matrix factorization (NMF) approach.

Despite the success of these methods, they require careful feature engineering to
achieve good performance. The multi-atlas based methods require good features
for identifying correspondences between a new image and each atlas image, while
the deformable model relies on discriminative features, i.e., intensity to segment the

prostate.

2.2.3.2 Registration
Multi-modal image registration is an important component of CAD systems since

it enables the integration of information obtained from different MRI sequences.
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In this section we present some of the image registration methods used in CAD
systems for prostate cancer.

Viswanath et al. [78] performed an affine registration via maximization of mu-
tual information (MI) to correct the misalignment between different MRI modali-
ties. Giannini et al. [83] applied affine registration between T2W and DW images
using bladder contours to focus registration. Kiraly et al. [84] used a 3D non-rigid
registration proposed in [85] to align the different MRI modalities. Registration is
performed by maximizing mutual information using a stochastic analog of gradient
descent. Yang et al. [86] used also non-rigid registration based on mutual informa-

tion to register T2ZW and ADC images.

2.2.3.3 Prostate lesion detection and classification

In this section we give an overview of the methods used for prostate lesion detection,

classification and segmentation.

» Support Vector Machines (SVM). Artan et al. [87] developed a framework
that combines SVM and conditional random fields (CRFs) for prostate can-
cer segmentation. They trained and evaluated their method on a dataset that
included DCE-MRI in addition to DW-MRI and T2W-MRI and was obtained
from 21 biopsy-confirmed prostate cancer patients. The tumour regions were
contoured by a radiologist using as guidance the histological slides. Litjens
et al. [74] used SVM to classify candidate ROIs obtained after several steps.
Initially, likelihood maps representing the probability of each voxel being ma-
lignant are obtained using a k-nearest neighbour (k-nn) classifier. Then, local
maxima obtained from the likelihood maps are used to segment the candidate
ROIs using a region growing and morphology based method. They trained
and evaluated their method on dataset obtained from 288 patients who under-
went MR-guided biopsy. The dataset included DW-MRI, T2W-MRI, DCE-
MRI. Niaf et al. [88] used SVM to classify malignant and benign lesions.
They trained and evaluated their method on a dataset obtained from 30 pa-
tients who underwent T2W-MRI, DW and DCE-MRI imaging prior to radical

prostatectomy.
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* Linear Discriminant Analysis (LDA). Litjens et al. [76] applied LDA to per-
form voxel-wise classification and obtain likelihood maps indicating the prob-
ability of malignancy in each voxel. Then, they performed candidate selection
and extracted hand crafted statistical features for each candidate. After the ex-
traction of features, candidate classification was performed using LDA. They
evaluated their approach on a large consecutive cohort of 347 patients with
MR-guided biopsy as the reference standard. This set contained 165 patients
with cancer and 182 patients without prostate cancer. All patients underwent

T2W-MRI, DCE-MRI and DW-MRI.

* Probabilistic Models. Niaf et al. [88] used a Naive Bayes (NB) classifier to
classify malignant and benign prostatic lesions. They proposed method was
trained and evaluated on a dataset obtained from 30 patients who underwent
T2W-MRI, DW and DCE-MRI imaging prior to radical prostatectomy. In ad-
dition, Giannini [83] et al. used a NB classifier to estimate voxel malignancy
probability. The dataset used in this study includes included T2W-MRI and
DW imaging data obtained from 10 patients. A radiologist contoured the

lesion of the T2W images using the histopathologic sections as guidance.

* Neural Networks. One major limitation of the aforementioned is that they em-
ploy ad-hoc and handcrafted which are empirically designed and have limited
generalization power to different domains. To address this limitation, several
deep learning methods have been recently proposed. Compared to previous
methods, which use handcrafted features, deep learning methods are able to
effectively learn feature hierarchies from the data. Reda et al. [80] used neural
networks and performed prostate cancer classification using an approach con-
sisting of two main stages. In the first stage they used different auto-encoders
for DW images acquired for different b-values and obtained initial probabil-
ity maps. Then, they used a stacked non-negativity constraint auto-encoder
to estimate the final classification based on the initial probability maps. They
trained and evaluated their approach on DW-MRI data obtained from 53 pa-

tients. Malignant and benign lesions were contoured on the DW-MRI data
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by a radiologist. Kiraly et al. [84] used deep encoder-decoder networks to
discriminate between benign and malignant lesions. They use simple point
locations as ground truth and train the network to output Gaussian kernels
around those points. This approach facilitates simultaneous localization and
classification within a single run. Mehrtash et al. [89] proposed a 3D CNN
to perform image based classification for prostate cancer. In [90], Tsehay et
al. adopted a network architecture from an edge detector proposed in [91]
to generate image probability map and detect lesions after applying thresh-
olding. Wang et al. [92] proposed a framework for joint multimodal regis-
tration and prostate cancer detection. The proposed architecture consists of
two sub-networks; a tissue deformation network that performs multimodal
registration and a dual convolutional neural network that performs image
classification and generates class probability maps. They also performed a
post processing step to detect prostate cancer on the class probability maps.
[84, 89, 90, 91, 92] trained and evaluated the proposed methods on PROSTA-
TEx Challenge dataset [93]. PROSTATEX consists of T2W-MRI, DCE-MRI,
and DW-MRI data obtained from 347 patients. MR-guided biopsy is used
as the reference standard. Cao et al. [94] proposed a CNN for simultaneous
detection and Gleason score prediction of prostate lesions. They trained their
model on a large prostate mp-MRI dataset of 417 patients who underwent
3T mp-MRI exams prior to robotic-assisted laparoscopic prostatectomy. Fi-
nally, Mehta et al. [95] proposed a deep learning framework for automatic
assessment of prostate cancer on mp-MRI, consisting of three sub-modules:
a CNN that performs zone segmentation, a CNN that performs segmentation
of clinically significant cancer, and a report-generator that generates an auto-
matic web-based report. The proposed method was trained on PROSTATEx
dataset [93] and externally validated using the Prostate Imaging Compared to
Transperineal Ultrasound guided biopsy for significant prostate cancer Risk

Evaluation (PICTURE) study dataset [96].

Several deep learning methods have been also proposed for prostate lesion
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segmentation. Hambarde et al. [97] relied on U-Net to achieve segmentation
of prostate gland and prostate lesions. The proposed method was trained and
validated on 1174 and 2071 T2W-MR images of 40 patients and tested on
250 and 415 T2W-MR images of 10 patients for prostate capsule segmen-
tation and prostate lesion segmentation, respectively. A radiologist marked
prostate gland and prostate lesion on the images which served as the ground-
truth. Chen [98] proposed a multiple branch UNet for the segmentation of
prostate lesions on mp-MRI images. They used mp-MRI data from 136 pa-
tient. Each patient underwent T2W-MRI and DW-MRI. A radiologist con-
toured malignant prostate lesions based on the radiology report. Liu [99] et
al. proposed a multi-scale segmentation network with a cascading pyramid
convolution module and a double-input channel attention module for prostate
lesion segmentation. They used a dataset obtained from 171 patients to train
the proposed method and a dataset obtained 17 patients to test the model.
The two datasets were acquired from different centers but both include ADC,
T2W-MRI, and DW-MRI. A radiologist annotated the images according to
the pathology report. Duran et al. [100] propose an attention-based CNN for
joint multi-class segmentation of prostate and prostate lesions. The dataset
used for training and evaluation was obtained from 219 patients. All pa-
tients underwent radical prostatectomy, meaning that the majority of patients
had clinically significant cancer and a high number of lesions in the dataset.
A radiologist outlined the prostate lesions based on T2W-MRI, ADC maps
and DCE-MRI. The prostatectomy specimens were analyzed and used as

groundtruth for the outlined lesions.

2.3 Advanced imaging of the prostate

As we mentioned in Sec. 2.2.3, several studies focus on the development of ma-
chine learning to address some of the limitations of mp-MRI. Another domi-
nant research direction for improving non-invasive prostate cancer characteriza-

tion is the development of advanced imaging techniques aiming at improving the
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Figure 2.6: VERDICT MRI. It combines a mathematical model and an optimized
diffusion-weighted (DW) acquisition protocol to access microstructural fea-
tures such as cell size, density, and vascular volume fraction, all of which
change in cancer. The intracellular volume fraction (fic, fvasc) is signifi-
cant higher for malignant tumours (arrow) than for benign or normal prostate
tissue since increased cellularity is a common characteristic in cancer. The
extracellular-extravascular volume fraction fggs is significantly lower in tu-
mours compared to benign or normal tissue while there is not significant change
in the estimate of the cell radius (R).

o
b = 2000 s/mm? b = 3000 s/mm? / Cell radius (R) Extracellular-extravasoular
fraction (fggs)

quality of the acquired data and providing information similar to histology. Re-
cent advanced imaging techniques include VERDICT MRI, luminal water imaging
(LWI) [101, 102, 103], hybrid multi-dimensional MRI (HM-MRI) [104, 105, 103]
and restriction spectrum imaging (RSI) [106, 107, 103]. In this thesis we focus
on VERDICT MRI and we describe it in more detail in section Sec. 2.3.1 and

in Sec. 2.3.2 we give a brief overview of LWI and HM-MRI.

2.3.1 VERDICT MRI

VERDICT MRI is a non-invasive microstructural imaging technique for cancer
characterization [21, 6]. It combines a mathematical model and an optimized DW
acquisition protocol to access microstructural features such as cell size, density, and

vascular volume fraction, all of which change in cancer (Fig. 2.6).

DW-MRI is an integral component of mp-MRI since it provides information
about cancer aggressiveness and improves specificity [67, 68]. However, mp-MRI
studies use DW-MRI in its simplest form by deriving the ADC map. This simplified
model of water diffusion lacks biological specificity as it fails to discriminate the
variety of histological changes that occur in cancer [69]. VERDICT MRI improves

on ADC maps by modelling directly the underlying microstructure.



2.3. Advanced imaging of the prostate 44

@ fic, dic, R

Restricted diffusion inside cells
N
\
| fees) dees

'

~ .

Hindered diffusion outside cells and blood vessels

V4

extracellular matrix

blood vessel fuso P

Isotropic restricted pseudo-diffusion inside blood vessels

Figure 2.7: Schematic representation of the prostate tissue and the corresponding compo-
nents of the VERDICT model. The color indicates the assignment of the tissue
compartments to the model components [6].

VERDICT model is a three compartment model characterizing water diffu-
sion in three primary compartments: 1) vascular, 2) extracellular-extravascular,
and 3) intracellular space allowing the estimation of intracellular, extracellular-
extravascular and vascular volume fractions, as well as cell radius. Fig. 2.7 shows a
schematic representation of the VERDICT model for the prostate tissue. The intra-
cellular compartment (IC) has three parameters: intracellular volume fraction (fic),
diffusivity (dic) and cell radius (R). The extracellular-extravascular space (EES)
compartment has EES volume fraction (fggs) and EES diffusivity (dggs) as param-
eters. The vascular compartment has vascular volume fraction (fyasc) and pseudo-
diffusivity (P) as parameters. The estimated parameters provide information about

the cellular and vascular structure of the tissue which change with disease.

The intracellular volume fraction is significant higher for malignant tumours
than for benign or normal prostate tissue since increased cellularity is a common
characteristic of malignant tumours. The extracellular-extravascular volume frac-
tion is significantly lower in tumours compared to benign or normal tissue while
there is not significant change in the estimate of the cell radius.

An initial pre-clinical study demonstrated that the application of VERDICT in
colorectal tumour xenographs can reveal differences in the microstructural features
of different tissue types [21]. An subsequent in-vivo study in patients with prostate
cancer demonstrated the potential of VERDICT in discriminating cancer and benign

tissue [6]. In addition, a recent study indicated that the intracellular volume fraction
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(FIC) map provides better differentiation of Gleason 4 cancer from benign and/or

Gleason 3+3 compared to the ADC map [22].

2.3.2 Other advanced prostate imaging techniques

Other advanced imaging techniques include LWI [101, 102, 103] and HM-
MRI [104, 105, 103] and are described briefly below.

LWI [101, 102, 103] is an MRI method that employs multicomponent mod-
elling of T2 mapping data. It has been developed based on the fact that the com-
position and lumen percentage of the prostatic tissue changes significantly with the
presence of cancer and the Gleason grade on cancer. It introduces a new parameter
called luminal water fraction (LWF), which is proportional to the fractional volume
of luminal space in prostatic tissue. LWF can reveals important information for di-
agnostic purposes because of the difference in composition and lumen percentage
between normal and cancerous tissues.

HM-MRI [104, 105, 103] is an MRI method that relies on the fact that frac-
tional volumes of the prostate gland components stroma, epithelium, and lumen cor-
relate strongly with cancer presence, Gleason grade. It uses two-dimensional MRI
sampling to measure the change in ADC and T2 on TE and b-value, respectively.
Thus, HM-MRI could provide quantitative estimates of tissue composition by ex-
ploiting the coupled T2 and ADC values associated with each tissue component and

use these as a source of information about the underlying tissue microstructure.



Chapter 3

Model-free prostate cancer
characterization on VERDICT-MRI

using deep learning

In this chapter we investigate the potential of model-free prostate lesion charac-
terization on VERDICT MRI and examine whether raw VERDICT MRI allow for
better classification of prostate lesions compared to the raw DW data and the ADC
map from the mp-MRI acquisition. This chapter contains material from [26, 27],

which were published at MLMI@MICCAI 2018 and ISMRM 2019.

3.1 Introduction

As we discussed in Sec. 2.3.1, VERDICT MRI is a microstructural imaging tech-
nique aiming to decode the information contained in DW images acquired with
different diffusion weightings (b-values) and to derive microstructural features that
allow prostate cancer characterization in-vivo [21, 6]. Currently, the standard proce-
dure to perform prostate cancer characterization using advanced diffusion models,
such as VERDICT MR, is to fit biophysical models to the DW-MR signal to quan-
tify and map microstructural tissue parameters that change with cancer. Biophys-
ical models assume a simplified tissue structure and rely on numerical estimation
of the DW-MR signal in such an environment. However, this approach has some

limitations [108]: 1) the models have to be simple enough for the fitting to work
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stably, ii) the models are handcrafted meaning that they may discard information in
a sub-optimal way. Thus biophysical model, may not allow to fully exploit the rich

information encoded in the DW-MR signal.

Several studies aim to address these limitations by relying on data-driven ap-
proaches and in particular neural networks. Golkov et al. trained a simple multi-
layer perceptron to discriminate between several tissue types in the brain by using
directly the DW images as inputs rather that using scalar tissue parameters obtained
from model fitting [109]. This allowed them to fully exploit the unique information
provided by the DW-MR signal without potential information loss due to model
simplicity. The results of their work show that model-free diffusion MRI can be
used to estimate arbitrary tissue properties in various settings where ground truth
training datasets are available. In a follow-up work [110], they demonstrated that
abnormality detection is also feasible without the requirement for labels. Their work
uses raw DW images from a healthy population as reference and any deviation in the
patient dataset from the healthy reference dataset can be detected using novelty de-
tection methods. Despite the fact it eliminates the requirement for labeled data, this
approach does not provide information regarding the underlying pathology causing

changes to DW-MR signal.

In addition, several recent studies rely on machine learning, and in particular
deep learning, to estimate microstructural tissue parameters from the DW-MR sig-
nal [111, 112, 113, 114, 115]. The results indicate that deep learning can be used
to avoid instabilities accompanying model fitting and reduce scan time since only a

subset of the DW images contain relevant information.

In this chapter, we first aim to investigate the potential of model-free prostate
lesion characterization using the raw DW-MR data from VERDICT MRI acquisi-
tions. We rely on fully convolutional networks (FCNs) trained end-to-end using as
input the raw DW images. Second, we examine whether raw VERDICT MRI al-
lows for better classification of prostate lesions compared to the raw DW data and

the ADC map from the mp-MRI acquisition.
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3.2 Datasets

VERDICT MRI data: In this study we use VERDICT MRI data from 103 patients
(median age, 62.2 years; range, 49.5-82.0 years)acquired as part of the INNOVATE
clinical trial [116]. DW images (Fig. 3.1) were acquired with pulsed-gradient spin-
echo sequence (PGSE) using an optimised imaging protocol for VERDICT prostate
characterization with 5 b-values (90, 500, 1500, 2000, 3000 s/ mmz) in 3 orthogonal
directions, on a 3T scanner (Achieva, Philips Healthcare, NL) [117]. Also, images
with b = 0s/mm? were acquired before each b-value acquisition. Compared to the
naive DW-MRI from mp-MRI acquisitions, VERDICT-MRI has a richer acquisition
protocol to probe the underlying microstructure and reveal changes in tissue fea-
tures similar to histology. The DW-MRI sequence was acquired with a voxel size of
1.25%1.25x5mm?>, 5mm slice thickness, 14 slices, a field of view of 220x220 mm?>
and the images were reconstructed to a 176 x 176 matrix size. The data was regis-
tered using rigid registration [118]. A dedicated radiologist highly experienced in
prostate mp-MRI reporting (reporting more than 1000 scans per year) contoured
malignant and benign lesions on the registered VERDICT MRI using mp-MRI for
guidance. Lesions in Prostate Imaging Reporting and Data System (PI-RADS) cate-
gory 3 are considered benign while lesions in PI-RADS category 4, 5 are considered
malignant. In total, there are 134 lesions; 61 benign and 73 malignant. We note here

that only index lesions (the largest lesion with the highest score) were annotated.

Standard DW data from mp-MRI: The DW-MRI data from the mp-MRI acqui-
sition was acquired with diffusion-weighted echo-planar imaging sequence with 4
b-values (0, 150, 500, 1000, 2000 s/ mmz). The DW data was acquired with the fol-
lowing imaging parameters: a repetition time msec/echo time msec, 2753/80; field
of view, 220 x 220 mm; section thickness, 5 mm; no intersection gap; acquisition
matrix, 168 x 169mm. The ADC map was calculated by the scanner software. A
dedicated radiologist highly experienced in prostate mp-MRI reporting (reporting
more than 1000 scans per year) contoured malignant and benign lesions on DW
images. Lesions in PI-RADS category 3 are considered benign while lesions in PI-

RADS category 4, 5 are considered malignant. We note here that only index lesions
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(a) b =90s/mm? (b) b = 500s/mm? (¢) b= 1500s/mm?

were annotated.

2

(d) b = 2000s/mm? (e) b = 3000s/mm?

Figure 3.1: VERDICT MRI data acquired with 5 b-values in 3 orthogonal directions. Ma-
lignant regions (noted in blue) are seen as a focus of high signal intensity on
DW-MRI of b = 2000,3000s/mm? and as a focus of low signal intensity on
the corresponding » = 90s/mm? image.

3.3 Methods

We consider a dataset with paired image-label data: D = {(x;,y;)},i € [1,D], where
x; € REXWx20 i5 3 20-channel DW image and y; € £L7*W the corresponding label-
ing. We consider two classes (malignant, benign/normal) and consider a label set
L = {0, 1} where 0 corresponds to benign/normal/background and 1 to malignant.
We note here that only index lesions are annotated meaning that there might be areas
that are mistakenly considered as normal. Nevertheless, evaluating the performance
of a model in discriminating malignant lesions can still provide meaningful infor-
mation. Our task is to train a model F that performs pixel-wise classification. We
train the model using pixel-wise cross-entropy loss resulting in a training objective

of the following form:

Leg= ), Zyilog(p,(w’h’l))ﬂl—yi)log(p,(w’h’o)), (3.1)
(xi,yi)E'DW,h
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where p; = F(x;) the softmax output of model F given the input image x;.

We consider two different models F' parameterized by FCNs trained end-to-
end. FCNs have shown great success on pixel-wise classification tasks on both nat-
ural and medical images [119, 120, 121, 122]. In this study we consider U-Net [120]
and ResNet [123] with an effective decoder module proposed in [122]; both archi-
tectures use an encoder-decoder structure. We modify both architectures and make
several design choices to avoid overfitting that may arise due to the small dataset
we have in our disposal. Specifically, we opt for shallower networks composed of a
smaller number of layers and channels compared to the original architectures. The
original models have a large number of trainable parameters that are sufficient to
overfit a small training set. Reducing the number on parameters, we reduce the

complexity of the model and thus avoid overfitting [124].

Below we provide a detailed description of the modified architectures we used

in our experiments.

Network Architectures.

MRI-U-Net: The first model (MRI-U-Net) shown in Fig. 3.2 is based on the U-Net
architecture proposed in [120]. U-Net consists of two main modules; an encoder
module and a symmetric decoder module. MRI-U-Net has fewer convolutional lay-
ers to avoid overfitting. The encoder module is composed by 3 encoder blocks
(EncBlockg, k = 1,...3). Each encoder block consists of a convolution layer fol-
lowed by batch normalization (BN) [125], a rectified-linear unit (ReLLU) [126] and
a 2x2 max pooling operation with stride 2. Each encoder block doubles the number
of feature maps by applying 3x3 convolutions and halves the spatial dimension of
the feature maps by applying maxpooling. The central module consists of a con-
volution layer followed by BN and a ReLU. The decoder module is composed by
3 decoder blocks (EncBlocky, k = 1,...3). Each decoder block consists of a 2x2
transposed convolution with stride 2 to upsample the low resolution feature maps
and a convolutional layer followed by BN and a ReLU. Concatenation of the up-
sampled feature maps with the corresponding encoder feature maps is performed

before the convolutions. Each convolutional layer performs 2D convolutions of the
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(b) Detailed description of each layer in MRI-U-Net.

Figure 3.2: MRI-UNet. MRI-U-Net consists of two main modules; an encoder module
and a symmetric decoder module. The encoder module is composed by 3 en-
coder blocks. Each encoder block consists of a convolution layer followed
by a 2x2 maxpooling operation with stride 2. The central module consists of
a convolution layer. The decoder module is composed by 3 decoder blocks.
Each decoder block consists of a 2x2 transposed convolution with stride 2 to
upsample the low resolution feature maps and a convolutional layer to refine
the feature maps. Concatenation of the upsampled feature maps with the corre-
sponding encoder feature maps is performed before the convolutions. The last
block (OutBlock) consists of a convolutional layer that performs 1x1 convolu-
tions to map the input to the desired number of classes. To prevent overfitting,
we apply dropout to layers conv4, convs.
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input with 3x3 kernels to halve the number of features maps. The last block (Out-
Block) consists of a convolutional layer that performs 1x1 convolutions to map the
input to the desired number of classes. As in previous studies [127, 128], we apply
dropout [129] on layers conv4, conv5 that have a large number of parameters to

prevent feature coadaptation and overfitting.

MRI-ResNet: The second network (MRI-ResNet) has also an encoder-decoder
structure as shown in Fig. 3.3. The encoder module is a modified version of ResNet-
18 proposed in [123]. We remove the maxpooling layer in the beginning of the net-
work and the global average pooling layer at the end of the network. We also replace
the last fully-connected layer with a convolutional layer and decrease the number of
convolutional layers. The encoder module is composed by an input block (InBlock)
and 3 encoder blocks (EncBlocky, k = 1,...3). The input block consists of a 7x7
convolution allowing for a larger receptive field. Each encoder block consists of 2
convolutional layers. The first convolutional layer of each encoder block halves the
spatial dimension of the feature maps by applying 3x3 convolutions with stride 2.
Shortcut connections, which has been proposed to address the degradation problem
in deep convolutional neural networks [123], are added to each pair of convolutional
layers in each encoder block. Specifically, given x, the input of an encoder block,
the output y is given by y = F(x) + G(x), where F represents multiple convolu-
tional layers (3x3 convolutions) and G represents the projection shortcut used to
match dimensions (done by 1x1 convolutions with stride 2). All the convolutional
layers are followed by BN and a ReLLU apart from cases where residual connections
are considered; in those cases RelLU is applied after the addition. As in previous
studies [127, 128], we apply dropout [129] on layers conv6, conv7 that have a large
number of parameters to prevent feature coadaptation and overfitting. The decoder
module is similar to the one proposed in [122] and has 3 decoder blocks (DecBlocky,
k=1,...3). Each decoder block consists of a bilinear upsampling and two convolu-
tional layers followed by BN and a ReLLU. Bilinear upsampling upsamples the low
resolution feature maps by a factor of 2. The upsampled features maps are then con-

catenated with the corresponding encoder feature maps. Both convolutional layers
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(b) Detailed description of each layer in MRI-U-Net.
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Figure 3.3: MRI-UNet.The encoder module is composed by an input block (InBlock) and
3 encoder blocks. The input block consists of a 7x7 convolution allowing for
a larger receptive field. Each encoder block consists of 2 convolutional layers.
Shortcut connections are added to each pair of convolutional layers in each en-
coder block; 1x1 convolutions with stride 2 are used to match dimensions. The
decoder module has 3 decoder blocks. Each decoder block consists of a bilin-
ear upsapmling and two convolutional layers. The upsampled features maps are
concatenated with the corresponding encoder feature maps. The convolutional
layers halve and refine the number of features maps by performing 1x1 and 3x3
convolutions respectively. We apply dropout to layers conv6, conv7 to prevent
overfitting.
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halve the number of features maps by performing 1x1 and 3x3 convolutions respec-
tively. We first apply 1x1 convolutions to reduce the number of parameters of our
model since the concatenated features usually contain a large number of channels.
Training settings.

We implement both networks using Pytorch [130]. We employ a 10-fold cross
validation approach to train and test the networks. We repeat each 10-fold cross
validation 5 times. We train the networks for 200 epochs and select the parameters
(i.e., number of layers, batch size, learning rate, weight decay, dropout rate) that
has the smallest loss on a validation set (20% of the training set). We use stochastic
gradient descent (SGD) with a mini-batch size of 32, a constant learning rate of
le-5, a momentum of 0.9 and a weight decay of le-3. We employ dropout as a
regularization strategy with dropout rate 0.5.

Evaluation metrics.

We evaluate the binary pixel-wise classification using average sensitivity, speci-
ficity, area under the receiver operating characteristic (ROC) curve (AUC) and pre-

cision. Sensitivity, specificity and precision are defined as

* sensitivity = %, where TP is the number of true positive pixels and P is the

number of positive pixels.

* specificity = %, where TN is the number of true negative pixels and N is the

number of negative pixels.

* precision = %, where FP is the number of false positive pixels.

3.4 Results

3.4.1 Model-free prostate lesion characterization

We perform three different experiments and report the results. In each experiment
we train the models considering different parts of the image during training. In the
Ist experiment we train the models using predefined malignant and benign/normal
ROIs. This allows us to avoid using areas of the image that belong to malignant

class and have not been annotated; as we mentioned earlier only index lesions were
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Networks Regions AUC sensitivity specificity precision
i i Slice-level | Subject-level | Slice-level | Subject-level | Slice-level | Subject-level | Slice-level | Subject-level
MRI-UNet malignant vs benign ROIs | 85.7 (+9.2) | 83.4(+10.1) | 75.7(x9.1) | 73.2(¥9.9) | 75.4(+6.1) | 73.2(=6.9) | 86.2(+10.3) | 83.1(11.8)
malignant vs all 74.1 (£10.5) | 72.9(+10.2) | 75.6(+10.4) | 74.8(+x11.0) | 47.6(x7.4) | 42.1(=8.0) | 2.0(x11.1) 1.5(12.2)
MRI-ResNet malignant vs benign ROIs | 86.7 (£10.8) | 84.3(+11.9) | 71.8(=9.6) | 69.7(x10.1) | 83.3(x6.6) | 81.9(x7.1) | 90.0(=11.2) | 88.4(12.4)
i malignant vs all 71.9 (=11.1) | 69.8(=12.0) | 71.6(=9.9) | 70.8(x10.8) | 57.1(=6.9) | 55.5(x7.8) | 4.7(x11.9) 2.9(12.7)

Table 3.1: 1st experiment: Average AUC, sensitivity, specificity, precision of MRI-UNet
and MRI-ResNet when evaluation is performed on i) malignant and benign re-
gions of interest (ROIs) (malignant vs benign ROIs) and ii) the entire image
(malignant vs all). Using MRI-ResNet results in slightly improved performance
(AUC of 86.7%) when we compare the performance on predefined ROIs. When
we evaluate the performance on the entire image, we observe that it drops signif-
icantly especially in terms of specificity and precision. This is normal since the
models have been trained only on a subset of the entire image and therefore they
encounter unseen samples at inference time. In addition, we observe that the two
networks behave differently for different metrics and evaluation protocols.

Sensitivity

—— MRI-UNet-ROIs (AUC=85.7%)

0.2- —— MRI-UNet-Entim (AUC=74.1%)
—— MRI-ResNet-ROIs (AUC=86.7%)
—— MRI-ResNet-Entlm (AUC=71.9%)

0.0

0.0 0.2 0.4 0.6 0.8 1.0
1-Specificity

Figure 3.4: 1st experiment: Receiver operating characteristic (ROC) curves of MRI-U-Net
and MRI-ResNet when evaluation is performed on i) predefined malignant and
benign regions of interest (ROIs) and ii) the entire image (Entlm).Using MRI-
ResNet results in slightly improved performance (AUC of 86.7%) when we
compare the performance on predefined ROIs.
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annotated. In the 2nd experiment we randomly sample and use normal/background
ROIs during training; this allows us increase the number of negative labelled ROIs
and to improve performance. In the 3rd experiment we train the models using the

entire image as input.

1st experiment. In the first experiment we train the networks on predefined malig-
nant and benign/normal ROIs and ignore the rest of the pixels. The main objective
of this experiment is to evaluate the ability of the models to discriminate between
malignant and benign lesions. Table 3.1 shows the performance of the two net-
works on 1) predefined malignant and benign ROIs (malignant vs benign ROIs) and
i1) the entire image (malignant vs all) at slice-level and subject-level. We observe
that slice-level and subject-level results are similar - the subject-level performance
is slightly lower. In the second case regions which are not labelled as malignant are
considered as benign/normal. Fig. 3.4 shows the receiver operating characteristic
(ROC) curves of MRI-U-Net and MRI-ResNet when evaluation is performed on 1)
predefined malignant and benign ROIs and ii) the entire image. Using MRI-ResNet
results in slightly improved performance (AUC of 86.7%) when we compare the
performance on predefined ROIs. When we evaluate the performance of the two
networks in the entire image we observe that it drops significantly especially in
terms of specificity and precision. This is normal since the models have been trained
only on a subset of the entire image and therefore they encounter unseen samples
at inference time. Finally, we observe that the two networks behave differently
for different metrics and evaluation protocols. For instance, MRI-ResNet results in
slightly improved performance (AUC of 86.7%) when we compare the performance
on predefined ROIs while MRI-U-Net yield to better performance when we evalu-
ate the models on the entire image. In addition, MRI-U-Net has better sensitivity

while MRI-ResNet has better specificity and precision.

2nd experiment. In the previous experiment we consider only malignant and be-
nign ROIs during training. However, at inference time we need to evaluate the
performance on the entire image. This means that the network is asked to clas-

sify normal prostate tissue and background voxels that it has not seen during train-
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Networks Regions AUC sensitivity specificity precision
i Slice-level | Subject-level | Slice-level | Subject-level | Slice-level | Subject-level | Slice-level | Subject-level
MRI-UNet malignant vs benign ROIs | 89.0 (+8.9) | 85.3(+9.2) | 82.9(+8.8) | 79.9(+9.1) | 77.9(+5.4) | 75.1(+6.2) | 88.8(x9.5) | 85.4(10.3)
malignant vs all 942 (x9.8) | 92.1(=9.9) | 82.7(=8.9) | 80.2(x10.2) | 91.2(=6.2) | 89.8(x6.9) | 13.4(x10.3) | 10.2(11.8)
MRI-ResNet malignant vs benign ROIs | 87.6 (£10.3) | 84.8(+10.8) | 86.4(+8.2) | 83.5(x9.8) | 72.6(+5.9) | 70.4(£7.0) | 86.7(+10.0) | 84.8 (10.1)
malignant vs all 94.0 (£10.9) | 91.4(=11.4) | 86.4(=9.4) | 84.3(=10.1) | 88.8(x6.0) | 85.2(x7.4) | 11.2(x10.9) | 5.8(10.3)

Table 3.2: 2nd experiment: Average AUC, sensitivity, specificity, precision of MRI-
UNet and MRI-ResNet when evaluation is performed on 1) malignant and be-
nign/normal/background ROIs (malignant vs benign/normal/background ROIs)
and ii) the entire image (malignant vs all) when we use additional negative la-
belled ROIs. Using MRI-U-Net results in slightly improved performance(AUC
of 89.7%) when we compare the performance on predefined ROIs. Using addi-
tional negative labelled ROIs improves performance when classification is per-
formed on the entire image. However, precision remains still low when we eval-
uate on the entire image. Regarding the performance of the two models we
observe that MRI-U-Net performs better in terms of specificity and precision
while MRI-ResNet performs better in terms of sensitivity.

1.0
0.8 -
>
S 0.6
.4:2
% 0.4 -
—— MRI-UNet-ROIs (AUC=89.0%)
0.2 —— MRI-UNet-Entim (AUC=94.2%)
—— MRI-ResNet-ROIs (AUC=87.6%)
001 —— MRI-ResNet-Entim (AUC=94.0%)

0.0 0.2 0.4 0.6 0.8 1.0
1-Specificity

Figure 3.5: 2nd experiment. Receiver operating characteristic (ROC) curves of MRI-UNet
and MRI-ResNet when evaluation is performed on i) predefined malignant and
benign/normal/background ROIs and ii) the entire image (EntIm). Using MRI-
U-Net results in slightly improved performance (AUC of 89.0%) when we com-
pare the performance on predefined ROIs. We observe no difference when we
evaluate the performance on the entire image.

ing. To address this issue, we increase the number of negative labelled ROIs by
randomly selecting and using normal/background ROIs during training. As in the
previous experiment we consider two classes; malignant (positive class) and be-
nign/normal/background (negative class). Table 3.2 shows the classification perfor-

mance of the networks on 1) predefined malignant and benign/normal/background
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ROIs (malignant vs benign/normal/background ROIs) and ii) the entire image
(malignant vs all) at slice-level and subject-level. We observe that slice-level
and subject-level results are similar - the subject-level performance is slightly
lower. Fig. 3.5 shows the ROC curves of MRI-UNet and MRI-ResNet when evalu-
ation is performed on i) predefined malignant and benign/normal/background ROIs
and ii) the entire image. Using additional negative labelled ROIs improves per-
formance when classification is performed on the predefined regions or the entire
image. However, precision remains still low when we evaluate on the entire image
meaning that a large proportion of pixels in negative class are classified as posi-
tive. Regarding the performance of the two models we observe that MRI-U-Net
performs better in terms of specificity and precision while MRI-ResNet performs

better in terms of sensitivity.

Networks Regions AUC | sensitivity | specificity | precision
MRI-U-Net | malignant vs all | 85.0% 52.4% 97.8% 58.2%
MRI-ResNet | malignant vs all | 89.2% 55.1% 97.2% 55.4%

Table 3.3: 3rd experiment: Average AUC, sensitivity, specificity, precision of MRI-UNet
and MRI-ResNet when training and evaluation is performed only on the entire
image. We observe that MRI-U-Net behaves better in terms of precision while
MRI-ResNet behaves better in terms of AUC and sensitivity.

3rd experiment. Finally, we train the two networks using the entire image in-
stead of using predefined ROIs. The main objective of this experiment is to eval-
uate the ability of the models to discriminate between malignant and benign le-
sions/background. Accurate automatic classification of malignant lesions could as-
sist and accelerate the accurate radiological interpretation of VERDICT-MRI data.
As in the previous experiments, we consider two different classes; malignant (posi-
tive class) and benign/normal/background (negative class). The only difference with
the previous experiment (2nd experiment) is that during training we consider all the
voxel corresponding to normal prostate tissue and background instead of random
sampling ROIs. Table 3.3 shows the classification performance of the networks
when they are trained and evaluated on the entire image. We observe that MRI-U-

Net behaves better in terms of precision while MRI-ResNet behaves better in terms
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Figure 3.6: Receiver operating characteristic (ROC) curves of MRI-UNet when training
and evaluation is performed on the raw VERDICT MRI data, the ADC map
and the raw DW-MRI data from the mp-MRI acquisition. MRI-U-Net achieves
better performance (area under the curve (AUC) of 92.40%) on VERDICT MRI
data. When the ADC map and the raw DW-MRI data from the mp-MRI acqui-
sition are used, it achieves an AUC of 86.07% and 86.94% respectively.

of AUC and sensitivity. In addition, compared to the previous experiment (2nd ex-
periment), we observe that sensitivity drops significantly while precision increases.
The drop in sensitivity might be related to the fact that only the index lesions are
annotated meaning that may exist malignant ROIs that are mistakenly considered as

normal/background during training and evaluation.

3.4.2 VERDICT MRI vs standard DW-MRI imaging from mp-
MRI

In this section we examine whether raw VERDICT MRI allows for better classifica-
tion of prostate lesions compared to the naive DW imaging and the ADC map from
the mp-MRI acquisition. We note here that we use only a subset of the patients, in
particular 18, for whom we have paired VERDICT MRI and mp-MRI data as well
as annotations. In this experiment we use only MRI-U-Net. Since the number of

patients we have in our disposal is smaller compared to the previous experiments
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(Sec. 3.4.1), we reduce the number of layers of the network to avoid overfitting.
We train and evaluate the network on labelled malignant and benign ROIs. Fig. 3.6
shows the receiver operating characteristic (ROC) curves of MRI-U-Net when train-
ing and test is performed on the raw VERDICT MRI data, the ADC map and the
raw DW-MRI data from the mp-MRI acquisition. The results show that MRI-U-
Net achieves better performance (AUC of 92.40%) on VERDICT MRI data. When
the ADC map and the raw DW-MRI data from the mp-MRI acquisition are used,
it achieves an AUC of 86.07% and 86.94% respectively. This indicates that VER-
DICT MRI may encode richer information allowing for better discrimination of the
different types of lesions. However, training and evaluation is performed on a very

small number of subjects and thus further analysis is required.

3.5 Conclusion

In this chapter we investigate the potential of model-free prostate lesion classifi-
cation on the raw VERDICT MRI data using FCNs and we examine whether raw
VERDICT MRI allows for better classification of prostate lesions compared to the
raw DW data and the ADC map from the mp-MRI acquisition. To this end, we adapt
and evaluate two FCNs (MRI-U-Net, MRI-ResNet) architectures. Previous studies
that are based on mp-MRI data to provide an automated solution for prostate le-
sion classification use DW data from mp-MRI acquisitions. In this work, we use
DW data from VERDICT MRI that has a richer acquisition protocol compared to
mp-MRI; VERDICT MRI data is acquired for 5 b-values in 3 orthogonal directions.

Our preliminary results indicate that 1) FCNs trained on VERDICT MRI
achieve good performance in differentiating between malignant and benign lesions
and (Sec. 3.4.1) ii) FCNs trained and evaluated on VERDICT MRI perform better
than FCNs trained and evaluated on the naive DW data and the ADC from mp-MRI
acquisitions (Sec. 3.4.2). However, the current work has some important limitations

that have to be addressed in the future.

Firstly, our current work relies on annotations of index lesions only, not allow-

ing us to train accurate models. Incorrectly labeled data hinder the generalisation of
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the discriminate models — labeling errors may be memorised leading to undesired
biases [131, 132] — and have detrimental effects on the validity of model evaluation,
potentially leading to incorrect conclusions. Thus, it is important that we obtain
annotations for the all the lesions in the entire volume. Future work will focus on
collecting a dataset where all lesions are annotated. We also note here that anno-
tating large-scale is a time consuming task and requires expertise; only radiologists
with experience in prostate mp-MRI reporting are able to accurately annotate the
lesions. Thus, obtaining large labeled datasets, especially for new imaging tech-
niques, is not always feasible. Future work will also focus on domain adaptation
that allows to mitigate this problem by exploiting training samples from an existing,
densely-annotated domain within a novel, sparsely-annotated domain.

Second, as we mentioned in Sec. 3.2, our current work relies on labels cor-
responding to PI-RADS scores. However, the ultimate goal is to accurate differ-
entiate between clinically significant and non-clinically significant prostate cancer;
clinically significant cancer is defined as Gleason score of 7 or greater. Recent stud-
ies [92, 95, 133, 134, 135, 136, 94] focus on the development of deep learning meth-
ods for discriminating between clinically significant and non-clinically significant
cancer on mp-MRI where biopsy-based [92, 95, 133, 134, 135] or prostatectomy-
based [136, 94] annotations serve as ground truth. The results of these studies
indicate that deep learning models achieve high diagnostic accuracy. Future work
will focus on obtaining biopsy-based ground for pairs of VERDICT MRI and DW-
MRI data from mp-MRI acquisitions; this will allow to examine more thoroughly
whether FCNs that rely on VERDICT MRI can better discriminate between clini-
cally significant and non-clinically significant cancer than models that rely on the

naive DW data from mp-MRI acquisitions.



Chapter 4

Semi-supervised domain adaptation

for lesion segmentation

As we discussed in Sec. 3.5, accurately annotating large training datasets is a chal-
lenging task impeding the adoption of novel imaging modalities for learning-based
medical image analysis. In this chapter we propose a semi-supervised domain adap-
tation method to address this problem. We demonstrate the effectiveness of our ap-
proach on VERDICT MRI; however, it is quite general can be applied in other appli-
cations where the amount of labeled training data for the domain of interest is lim-
ited. Our code is publicly available at https://github.com/elchiou/DA.
This chapter contains material from [28, 29], which were published at MICCAI
2020 and at ISMRM 2020.

4.1 Introduction

Domain adaptation can be used to exploit training samples from an existing,
densely-annotated domain within a novel, sparsely-annotated domain, by bridging
the differences between the two domains. This can facilitate the training of power-
ful convolutional neural networks (CNNs) for novel medical imaging modalities or
acquisition protocols, effectively compensating for the limited amount of training
data available to train CNNs in the new domain.

The assumption underlying most domain adaptation methods is that one can

align the two domains either by extracting domain-invariant representations (fea-
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tures), or by establishing a ‘translation’ between the two domains at the signal level,
where in any domain the ‘resident’ and the translated signals are statistically indis-

tinguishable.

In particular for medical imaging, [137] and [138] rely on adversarial train-
ing to align the feature distributions between the source and the target domain for
medical image classification and segmentation respectively. Pixel-level distribution
alignment is performed by [17, 18, 19, 20], who use CycleGAN [139] to map source
domain images to the style of the target domain; they further combine the transla-
tion network with a task-specific loss to penalize semantic inconsistency between
the source and the synthetic images. The synthetic images are used to train models
for image segmentation in the target domain. Ouyang et al. [140] perform adver-
sarial training to learn a shared, domain-invariant latent space which is exploited
during segmentation. They show that their approach is effective in cases where
target-domain data is scarce. Similarly, [141] embed the input images from both
domains onto a domain-specific style space and a shared content space. Then, they
use the content-only images to train a segmentation model that operates well in both
domains. However, their approach does not necessarily preserve crucial semantic

information in the content-only images.

These methods rely on the strong assumption that the two domains can be
aligned. However, recent works on the closely related problem of unsupervised im-
age translation [142, 143, 144] have highlighted that this is a strong assumption
and is frequently violated in practice. As a natural image example, an image taken
at night can have many day-time counterparts, revealed by light; similarly in med-
ical imaging, a different imaging protocol can reveal structures that had previously
passed unnoticed. In technical terms, the translation can be one-to-many, or, stated
in probabilistic terms, multi-modal [142, 143, 144]. In particular, we consider the
source domain Xs which is to be mapped to fthe target domain X7). We are given
samples that are drawn from the two marginal distributions P(Xs) and P(X7) and
the translation generates a diverse set of output Xs_,7 , corresponding to different

modes in the distribution P(X7|Xs). Using a one-to-one translation network in such
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Figure 4.1: One-to-many mapping from one mp-MRI image (left) to four VERDICT MRI
translations: our network can generate samples with both local and global struc-
ture variation, while at the same time preserving the critical structure corre-
sponding to the prostate lesion, shown as a red circle. We note that the lesion
area is annotated by a physician on the leftmost image, but is not used as input
to the translation network - instead the translation network learns to preserve le-
sion structures thanks to the end-to-end discriminative training (details in text).

a setting can harm performance, since the translation may predict the mean of the
underlying multi-modal distribution, rather than provide diverse, realistic samples

from it.

In our work we accommodate the inherent uncertainty in the cross-domain
mapping and, as shown in Figure 4.1, generate multiple outputs conditioned on a
single input, thereby allowing for better generalization of the segmentation network
in the target domain. As in recent studies [17, 18, 19, 20], we use GANs [145] to
align the source and target domains, but go beyond their one-to-one, deterministic
mapping approaches. In addition, inspired by [17, 18, 19, 15], we enforce seman-
tic consistency between the real and synthetic images by exploiting source-domain
lesion segmentation supervision to train target-domain networks operating on the
synthetic images. This results in training networks that can generate diverse out-
puts while at the same time preserving critical structures - such as the lesion area in
Figure 4.1. We further accommodate the statistical discrepancies between real and
synthetic data by introducing residual adapters (RAs) [146, 29] in the segmenta-
tion network. These capture domain-specific properties and allow the segmentation
network to generalize better across the two domains.

We demonstrate the effectiveness of our approach in prostate lesion segmen-
tation on VERDICT MRI. As we discussed in Sec. 3.4.1 and Sec. 3.5, annotating
large amounts of training data for the adoption of VERDICT MRI for learning-

based medical image analysis is challenging due to labor and expertise required.
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Figure 4.2: Overview of our domain adaptation framework: we train a noise-driven domain
translation network in tandem with a discriminatively supervised segmentation
network in the target domain; GAN-type losses align the translated samples
with the target distribution, while residual adapters allow the segmentation net-
work to compensate for remaining discrepancies.

On the other hand, large scale, labeled mp-MRI datasets exist [93, 41]. As shown
experimentally, our approach largely improves the generalization capabilities of a
lesion segmentation model on VERDICT MRI by exploiting label DW-MRI data

from mp-MRI acquisitions.

4.2 Method

Our approach relies on a unified network for cross-modal image synthesis and seg-
mentation, that is trained end-to-end with a combination of objective functions. As
shown in Fig. 4.2, at the core of this network is an image-to-image translation
network that maps images from the source (’S’) to the target ('T’) domain. The
translation network is trained in tandem with a segmentation network that operates
in the target domain, and is trained with both the synthetic and the few real an-
notated target-domain images. Beyond these standard components, our approach
relies on three additional components: firstly, we sample a latent variable from a
Gaussian distribution when translating to the target domain; this represents struc-
tures that cannot be accounted by a deterministic mapping, and can result in one-
to-many translation when needed. Secondly, we introduce residual adapters (RAs)
to a common backbone network for semantic segmentation, allowing the discrimi-

native training to accommodate any remaining discrepancies between the real and
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Figure 4.3: Example of the data coming from the source and the target domains: stan-
dard DW-MRI (source domain) consists of 5 input channels (4 b-values and the
ADC map) while VERDICT MRI consists of 15 input channels (5 b-values in
3 orthogonal directions)

synthetic target domain images. Finally, we use a dual translation network from the
target to the source domain, allowing us to use cycle-consistency in domain adapta-
tion [147, 139, 143]; the cycle constraint allows us to disentangle the deterministic,
transferable part from the stochastic, non-transferable part, which is filled in by

Gaussian sampling, as mentioned earlier.

Problem formulation. Having provided a broad outline of our method, we now
turn to a more detailed technical description. We consider the problem of domain
adaptation in prostate lesion segmentation. We assume that the source domain,
Xs, contains Ng images, xg € Xy, with associated segmentation masks, ys € V.
Similarly, the sparsely labeled target domain, X7, consists of Ny images, xr € Xt.
A subset X7 of Xr comes with associated segmentation masks, yr € Vr. Our goal
is to train a model that provides accurate predictions in the target domain. As shown
in Fig. 4.3, there is a substantial domain gap between the two domains precluding
the naive approach of training a network on the source domain and then deploying
it in the target domain. The proposed framework consists of two main components,
i.e. an image-to-image translation network and a segmentation network described

below.
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Segmentation Network

The segmentation network (Fig. 4.2), Seg, operates on image-label pairs of both
real, X7, and synthetic data, Xs_.7, translated from source to target. An encoder-
decoder network [122, 120] is the main backbone which serves both domains. To
compensate further for differences in the feature statistics of real and synthetic data
we install residual adapter modules [146] in parallel to each of the convolutional
layer of the backbone. Introducing residual adapters ensures that most of the pa-
rameters stay the same with the network, but also that the new unit introduces a
small, but effective modification that accommodates the remaining statistical dis-
crepancies of the two domains.

More formally, let / be a convolutional layer in the segmentation network and
F! € Rk¥kxCixCo pe a get of filters for that layer, where k X k is the kernel size and
C;, C, are the number of input and output feature channels respectively. Let also
Zj- € R1X1xCixCo pe a set of domain-specific residual adapter filters of domain j,
where j € {1,2}, installed in parallel with the existing set of filters F;. Given an

input tensor x; € R*W*Ci the output y; € RF*W>Co of layer [ is given by

yi=Fex;+Zhxx. (4.1)

We train the segmentation network by optimizing the following objective

ACSeg(Segw)gT7yTaXS—>T7yS) -

5 4.2)
Lpsc(Seg, X1,YVr) + Lpsc(Seg, Xs—1,Vs).
The dice loss, Lpsc, based on dice coefficient, is given by
2 K
Losc(Seg, X.Y) = — L (xy)e(X,Y) Li=1 PRk “43)

Yioye.y) Thei (pE+31)

where K the number of voxels in the input images and p = Seg(x), the softmax
output of the segmentation network. We adopt this objective function since it is
a differentiable approximation of a criterion that is well-adapted to our task [148,

149].
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Stochastic Translation Network

Recently, several studies [142, 143] have pointed out that cross-domain mapping is
inherently multi-modal and proposed approaches to produce multiple outputs con-
ditioned on a single input. Here we use MUNIT [143] to illustrate the key idea.
As it is illustrated in Figure 4.2 the image-to-image translation network consists
of content encoders Eg, E7, style encoders E§, E, generators Gg, Gr and domain
discriminators Dg, Dy for both domains. The content encoders § E% map im-
ages from the two domains onto a domain-invariant content space C (Eg : X5 — C,
E7 : Xr — C) and the style encoders E¢, E7 map the images onto domain-specific
style spaces Ss (Eg : Xs — Sg) and St (E7 : X7 — Sr). The content code can be un-
derstood as the underlying anatomy which is the information that we want transfer
during the translation while the style codes capture information related to the imag-
ing modalities. Image-to-image translation is performed by combining the content
code extracted from a given input and a random style code sampled from the target-
style space. For instance, to translate an image xs € Xs to X7 we first extract its
content code ¢ = E§(xs). The generator G7 uses the extracted content code ¢ and a
randomly drawn style code sy € Sy to produce the final output xs_,7 = Gr(c,sr).
By sampling random style codes from the style spaces Sg and St the generators Gg
and Gr are able to produce diverse outputs. We train the networks with a loss func-
tion that consists of domain adversarial, self-reconstruction, latent reconstruction,
cycle-consistency and segmentation losses.

Domain adversarial loss. We utilize GANs to match the distribution between the
synthetic and the real images of the two domains. The adversarial discriminators
D7, Dg aim at discriminating between real and synthetic images, while the genera-

tors G, Gg aim at generating realistic images that fool the discriminators. For Gr

and D7 the GAN loss is defined as

LEANES, Gr,Dr, S, Xs) =

By g5y~ [log(1 — Dr(Gr(E§(xs),s7)))] + Expmxy [log(Dr (x7))].

4.4)

Self-reconstruction loss. Given the encoded content and style codes of a source-



4.2. Method 69

domain image the generator Gg should be able to decode them back to the original

one.

Lecon(Gs, ES, E§, Xs) = Ex x,[[|Gs (E§ (xs), ES(xs)) —xs[l1]. (4.5

Latent reconstruction loss. To encourage the translated image to preserve the
content of the source image, we require that a latent code ¢ sampled from the latent

distribution can be reconstructed after decoding and encoding.

LS

recon

B s~y || ET (G (Eg(x5), 7)) — Eg (%) [11].

(Eg,Gr,ET,Xs,S1) =
S g (4.6)

Similarly, to align the style representation with a Gaussian prior distribution, we

enforce the same constrain for the latent style code.

o

recon

EosnXgspsr [|Er (Gr (Es(x5),57)) = s7)[[1]-

(EcuGTuES 7XSJST) ==
S ! 4.7)

Cycle-consistency loss. To facilitate training we enforce cross-cycle consistency
which implies that if we translate an image to the target domain and then translate it
back to the source domain using the extracted source-domain style code, we should
be able to obtain the original image.

o

cyc(E.g?Eg‘aGT:E%vGSaXSasT) =

B Xs,sr~p [[|Gs (BT (Gr (Es(xs),57) ), Es(x5)) = xs[1]-

(4.8)

L2 ans LEons L ons Lrécons ECTyC are defined in a similar way.
Segmentation loss. To enforce the generator to preserve the lesions, we enrich the
network with segmentation supervision on the synthetic images. The segmentation

loss on the synthetic images is given by

Eiﬁg’h@eg, Gr,Eg,Xs,Ys,S1) = Lpsc(Seg, Gr(Eg(Xs),S7),Vs). 4.9

The full objective is given by
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. S T S T
min max Agan (L + L + A (L +L
Eg,Eg,E%,E;,GS,GT Ds.Dr ( GAN GAN) X( recon recon)

C, Cc S A 4.1
+ A’C (‘C’rgcon + EFZ::CO}’Z) + &Y(Lrgcon + L:rgcon) ( 0)

) 4+ £Synth

+;LCYC(£S +£T Seg

cyc cyc

where Agan, Ax, Ac, As, Acye are weights that control the importance of each term.

Implementation details

We implement our model using Pytorch [130]. The content encoders consist of
several convolutional layers and residual blocks followed by instance normaliza-
tion [150]. The style encoders consist of convolutional layers followed by fully
connected layers. The decoders include residual blocks followed by upsampling
and convolutional layers. The residual blocks are followed by adaptive instance
normalization (AdalN) [151] layers to adjust the style of the output image. In par-
ticular, AdaIN aligns the mean and variance of the content code to the style of
the target domain since the affine parameters of AdalN are generated by a multi-
layer perceptron given a random style code sampled from the style space of the
target domain. Sampling different style code allows us to obtain different affine
parameters and generate diverse translations that adopt the appearance properties
of the target domain. The encoder of the segmentation network is a standard
ResNet [123] consisting of several convolutional layers while the decoder consists
of several upsampling and convolutional layers. For training we use Adam opti-
mizer, a batch size of 32 and a learning rate of 0.0001. We make our code available

athttps://github.com/elchiou/DA.

4.3 Datasets

VERDICT MRI: We use VERDICT MRI data collected from 60 men with a sus-
picion of cancer. We have provided the acquisition details for VERDICT MRI
in Sec. 3.2. A dedicated radiologist, highly experienced in prostate mp-MRI, con-
toured the lesions on VERDICT MRI using mp-MRI for guidance.
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DW-MRI from mp-MRI acquisition: We use DW-MRI data from the ProstateX
challenge dataset [93] which consists of training mp-MRI data acquired from 204
patients. The DW-MRI data were acquired with a single-shot echo planar imaging
sequence with a voxel size of 2 X2 x 3.6 mm?, 3.6 mm slice thickness. Three b-
values were acquired (50,400,800 s/mm? ), and subsequently, the ADC map and
a b-value image at b = 1400 s/mm? were calculated by the scanner software. In
this study, we use DW-MRI data from 80 patients. Since the ProstateX dataset
provides only the position of the lesion, a dedicated radiologist manually annotated

the lesions on the ADC map using as reference the provided position of the lesion.

4.4 Experiments

4.4.1 Quantitative results

In this section we evaluate the performance of our approach and the impact of the
ratio of synthetic to real data on the performance. We also provide qualitative results
and quantitative results related to the effect of sampling random style codes on the
performance.

Performance evaluation. We first compare our approach to several baselines.
1))VERDICT MRI only: we train the segmentation network only on VERDICT
MRI. ii) Finetuning: we pre-train on mp-MRI and then perform finetuning using
the VERDICT MRI data. iii) RAs: we pre-train on mp-MRI, then we install RAs
in parallel to each of the convolutional layers of the pre-trained network and update
them using VERDICT MRI. iv) MUNIT: we use MUNIT to map from source to tar-
get without segmentation supervision. v) CycleGAN + Eiﬁgth: we use CycleGAN
and segmentation supervision to perform the translation, an approach similar to the

one proposed in [20]. vi) CycleGAN + Egﬁ;”h

+ RAs: we use (v) for the translation
and introduce RAs to the segmentation network. We evaluate the performance based
on the average recall, precision, dice similarity coefficient (DSC), and average pre-
cision (AP). We report the results in Table 4.1. The proposed approach yields sub-
stantial improvements and outperforms all baselines including CycleGAN, which

indicates that accommodating the uncertainty in the cross-domain mapping allows
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Model Recall Precision DSC AP

VERDICT MRI only 67.1 (£14.2) | 59.6 (+11.5) | 62.4 (x13.4) | 63.5 (x13.1)
Finetuning 68.4 (x12.4) | 62.5 (£13.5) | 64.7 (+11.2) | 65.8 (+14.7)
RAs 66.6 (+11.6) | 67.0 (+8.8) | 65.7 (x10.2) | 66.6 (+12.6)
MUNIT 652 (£10.2) | 642 (£13.7) | 64.4 (x11.3) | 682 (x12.0)
CycleGAN+£§~Z;’h 64.5 (£10.4) | 66.1 (£10.1) | 64.8 (8.7) | 70.1 (£9.8)
CycleGAN + L + RAs 60.9 (£10.7) | 74.0 (+11.8) | 66.6 (+13.6) | 71.6 (+11.3)
MUNIT + L3 (Ours) 71.8 (+7.8) | 68.0 (+6.8) | 69.8 (£7.9) | 73.5 (+8.1)
MUNIT + Lgi" + RAs (Ours) | 69.2(£8.6) | 71.2(x9.7) | 69.9 (x9.0) | 75.4(x9.7)

Table 4.1: Average recall, precision, dice similarity coefficient (DSC), and average preci-
sion (AP) across 5 folds. The results are given in mean (+std) format.

us to learn better representations for the target domain. Compared to the naive MU-

Synth

NIT without segmentation supervision, L, o

, our approach performs better since it
successfully preserves the lesions during the translation. Finally, introducing RAs in
the segmentation networks further improves the performance of both CyclgeGAN
+ L and MUNIT + £,

Impact of sampling on the performance. To experimentally validate that sam-
pling different style codes enhances the performance, we perform two experiments:
1) we keep the style code of the target domain fixed during the translation and ii)
we use the encoded style code of the source domain. We evaluate the performance
based on the mean recall, precision, dice similarity coefficient (DSC), and average
precision (AP) across 5 folds. The results (Table 4.2) show that indeed sampling

different style codes improves the performance.

Model Recall Precision DSC AP

MUNIT + cgﬁg’h + fixed s7 68.4 (£9.0) | 65.3 (+7.9) | 67.0 (+8.8) | 70.0 (+8.9)
MUNIT + L2 + encoded s5 | 61.5 (£12.4) | 68.5 (£9.2) | 64.5 (+10.6) | 67.4 (+10.6)
MUNIT + ﬁgﬁgf” (Ours) 71.8 (+7.8) | 68.0 (+6.8) | 69.8 (+7.9) | 73.5 (+8.1)

Table 4.2: Impact of sampling on the performance. Average recall, precision, dice similar-
ity coefficient (DSC), and average precision (AP) across 5 folds. The results are
given in mean (+std) format.

Impact of the ratio of synthetic to real data on the performance. Using syn-
thetic data is motivated by the fact that annotating large datasets can be challenging
in medical applications. We therefore evaluate the impact of the ratio of synthetic

to real data. To this end, we first vary the percentage of real data while keeping
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fixed the amount of synthetic data (Fig. 4.4 (top, left)). We compare our approach
to a segmentation network trained only on real data and to [20] where CycleGAN is
used for the generation of synthetic data. Our approach outperforms both baselines.
Figure 4.4 (top, right) shows the performance when we vary the percentage of syn-
thetic samples while fixing the percentage of real ones. The AP of our approach
increases as we increase the amount of synthetic data. The baseline also improves
but we systematically outperform it. Figure 4.4 (bottom) shows the performance
of our approach when we vary the percentage of real data while keeping fixed the
percentage of synthetic. Here, we also vary the ratio of real to synthetic data in a
mini-batch during training. Note that when the percentage of real data is small, a
large ratio of synthetic to real data in the mini-batch delivers better results.

Impact of residual adapters in the performance. Figure 4.5 shows the impact of
residual adapters in the performance for different dataset sizes. We vary the per-
centage of real data while keeping fixed the amount of synthetic data. Introducing

residual adapters in the segmentation network while using MUNIT and segmen-

Synth

tation supervision (MUNIT + L e

+ RAs) during the translation systematically

improves performance for different dataset sizes.

4.4.2 Qualitative results

Figure 4.6 shows the mapping from mp-MRI to VERDICT. Our approach is able
to generate multiple outputs while preserving the critical structure corresponding
to the prostate lesion. In this work, we do not provide quantitative results for the
image-to-image translation. Instead, we evaluate the quality of the translated images
visually and based on the results we obtain for the task at hand.

In Figure 4.7 we present lesion segmentation results produced by the different
models for two patients. i) MUNIT + Egigth + RAs (Ours): we use stochastic
translation and segmentation supervision for the translation and introduce RAs in
the segmentation network. ii) CycleGan + Egﬁ;rh + RAs: we use deterministic
translation and segmentation supervision to perform the translation, and introduce
residual adapters (RAs) in the segmentation network. iii) VERDICT MRI only: we

train the segmentation network only on real VERDICT MRI.
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Figure 4.4: Impact of the ratio of synthetic to real data on the performance. (Top, left)
Average precision (AP) as a function of the percentage of real samples used
given a constant number of synthetic ones. (Top, right) AP as a function of
the number of synthetic examples used given a constant number of real ones.
(Bottom) AP as a function of the percentage of real data used given a constant
number of synthetic ones. Here, the ratio of real to synthetic data in a mini-
batch also varies during training.

4.5 Conclusion

In this chapter we propose a domain adaptation approach for lesion segmentation
on VERDICT-MRI. Our approach relies on stochastic generative modelling to gen-
erate multiple outputs conditioned on a single input allowing the extraction of richer
representations for the task of interest in the target domain. Compared to its deter-

ministic counterparts, our approach yields substantial improvements across a broad
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Figure 4.5: Impact of residual adapters (RAs) in the average precision (AP) for different
dataset sizes. We vary the percentage of real data while keeping fixed the
amount of synthetic data. Introducing residual adapters in the segmentation
network while using MUNIT and segmentation supervision (MUNIT + Eiﬁ;’th

+ RAs) during the translation systematically improves performance for differ-

ent dataset sizes.

Real mp-MRI Synthetic VERDICT-MRI Real VERDICT-MRI

Figure 4.6: One-to-many mapping from one mp-MRI (left) to three VERDICT MRI trans-
lations (middle) for two different patients (rows): Our network can generate
samples with both local and global structure variation, while at the same time
preserving the critical structure corresponding to the prostate lesion. The right
column shows two real VERDICT MRI samples as an example of data from
the target domain.

range of dataset sizes, increasingly strong baselines, and evaluation measures.
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Ground Truth  MUNIT + £27"+ RAs  CycleGan + L)7"+ RAs  VERDICT-MRI only

Figure 4.7: Lesion segmentation results for two patients. MUNIT + E‘;ﬁ;’h + RAs (Ours):
we use stochastic translation and segmentation supervision for the translation
and introduce RAs in the segmentation network. Cyclegan + Egigth + RAs: we

use deterministic translation and segmentation supervision for the translation

and introduce RAs in the segmentation network. VERDICT MRI only: Trained

only on real data.



Chapter 5

Unsupervised domain adaptation for

lesion segmentation

In Chapter 4 we proposed a semi-supervised domain adaptation that relies on
stochastic translation. In this chapter we turn our attention on the unsupervised
domain adaptation where facing new challenges due to the complete lack of la-
beled data in the target domain. In particular, as in Chapter 4, we rely on stochastic
generative modelling to translate across the source and the target domain at pixel
space and we introduce two new loss functions that promote semantic consistency.
We demonstrate the effectiveness of our approach on VERDICT MRI; however, it
is quite general can be applied in other application where the amount of labeled
training data for the domain of interest is limited. This chapter contains material
from [30, 31], which were published at DART@MICCAI 2020 and at ISMRM
2021.

5.1 Introduction

In this work we address the challenge of adapting across two heterogeneous do-
mains where both the distribution and the dimensionality of the input features are
different (Fig. 4.3) in cases where there is a complete lack of labeled data for the
target domain. As in Chapter 4, we rely on stochastic translation [143] to align
the two domains at pixel-level; in Chapter 4 we showed that stochastic translation

yields clear improvements in heterogeneous domain adaptation tasks compared to
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deterministic, CycleGAN-based [139] translation approaches. However, these im-
provements have been obtained with semi-supervised learning, where a few labeled
target-domain images are available, whereas our goal is unsupervised domain adap-
tation. To this end we introduce a semantic cycle-consistency loss on the cycle-
reconstructed source images; if a source image is translated to the target domain
and then back to the source domain, we require that critical structures are preserved.
We also introduce a pseudo-labeling loss that allows us to use the unlabeled target
data to supervise the target-domain segmentation network. In particular we translate
the target data to the source domain, predict their labels according to a pre-trained
source-domain segmentation network and use the generated pseudo-labels to su-
pervise the target-domain segmentation network. This allows us to use exclusively
target-domain statistics and train highly discriminative models. As in Chapter 4
we demonstrate the effectiveness of our approach in prostate lesion segmentation
on VERDICT MRI. As shown experimentally, our approach largely improves the
generalization capabilities of a lesion segmentation model on VERDICT MRI by

leveraging labeled DW data from mp-MRI acquisitions.

Most domain adaptation methods align the two domains either by extract-
ing domain-invariant features or by aligning the two domains at the raw pixel
space. Ren et al. [137] and Kamnitsas et al. [138], rely on adversarial train-
ing to align the feature distributions between the source and the target domain
for medical image classification and segmentation respectively. Pixel-level ap-
proaches [17, 18, 19, 20], use GAN-based methods [139, 143] to align the source
and the target domains at pixel level. Chen et al. [152] align simultaneously the
two domains at pixel- and feature-level by utilizing adversarial training. Ouyang
et al. [140] combine a variational autoencoder (VAE)-based feature prior matching
and pixel-level adversarial training to learn a domain-invariant latent space which
is exploited during segmentation. Similarly, [141] perform pixel-level adversarial
training to extract content-only images and use them to train a segmentation model
that operates well in both domains. Other studies exploit unlabeled target domain

data during the discriminative training. Bateson et al. [153] and Guodong et al.
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Figure 5.1: We force a network for stochastic translation across domains to preserve se-
mantics through a semantic segmentation-based loss. The image-to-image
translation network translates source-domain images to the style of the tar-
get domain by combining a domain-invariant content code ¢ with a random
code s7. We introduce a semantic cycle-consistency loss, L., on the cycle-
reconstructed images that ensures that the prostate lesions are successfully pre-
served.

Dy Source ground
truth (Ys)

Pretrained
on source

Cycle-rec.
source (Xs7-s)

LSem (XSHT%S' YS)

Source

[154] use entropy minimization on the prediction of target data as an extra regu-
larization while [155] propose a teacher-student framework to train a model using

labeled and unlabeled target data as well as labeled source data.

5.2 Method

Problem formulation

We consider the problem of domain adaptation in prostate lesion segmentation. Let
Xg C RI>*WXCs be 3 set of Ny source images and Vs C {0, 1}1'W their segmentation

masks. The sample xg € Xgisa H x W x Cs image and the entry ygh’w) of the mask

ys provides the label of voxel (h,w) as a one-hot vector. Let also X7 C RF*WxCr

be a set of N7 unlabeled target images. Sample x7 € X7 is an H X W x Cr image.

Stochastic translation with semantic cycle-consistency

We rely on stochastic translation [143] to learn the mapping between the two do-
mains and introduce a semantic cycle-consistency loss to enforce the cross-domain
mapping to preserve critical structures.

The image-to-image translation network (Fig. 5.1) consists of content en-

coders E§, Ef, style encoders E¢, E7, generators Gg, Gt and domain discrimi-



5.2. Method 80

nators Dg, D7 for both domains. The content encoders E§, E7 extract a domain-
invariant content code ¢ € C (Eg : Xs — C, Ef : X7 — C) while the style encoders

5, E7 extract domain-specific style codes sg € Sy (Eg : Xs — Sg) and st € St
(E7 : X1 — Sr). Image-to-image translation is performed by combining the con-
tent code (¢ = E§(X5)) extracted from a given input (xg € X’s) and a random style
code st sampled from the target-style space. We note that the random style-code
sampled from a Gaussian distribution represents structures that cannot be accounted
by a deterministic mapping and results in one-to-many translation. We train the
networks with a loss function consisting of domain adversarial, self-reconstruction,

latent reconstruction and semantic cycle-consistency losses.

Domain adversarial loss.

LEan = Eeguc spsrl0g(1 = Dr(Gr(cs, s7)))] + Expy log(Dr (x7))]-
Self-reconstruction loss.

Lrecon = Exgas[| Gs(ES (xs), E§(x5)) — xs]1]-
Latent reconstruction loss.

Lrécon = Bugig sr~sr [I1EF (Gr (E§(xs), s7)) — E§(x5)[|1].

Lobeon = Exgnits, sy~ 1EF(Gr(E§(xs),57)) = s7) |1 ].
Cycle-consistency loss.

L2ye = Exgnigsr~sy [|Gs(E (Gr (E§(xs),57)), E§(x5)) — 5|1 .
L3 Lhcons L ons Liscon, ECT.yC are defined in a similar way.
Semantic cycle-consistency loss. Recent studies [17, 19, 20] enforce semantic
consistency between the real source and the synthetic target images by exploiting
a target-domain segmentation network trained on a few available labeled target-
domain images. However, in the unsupervised scenario, where there is no super-
vision available for the target domain, such approach is not feasible. To this end
we introduce a semantic cycle-consistency loss or lesion segmentation loss on the
cycle-reconstructed source images xs_,7_s; if a source image is translated to the
target domain and then back to the source domain, we require that critical struc-
tures, corresponding to lesions, are preserved. The naive cycle-consistency loss,

introduced in [139], penalizes inconsistencies in the entire image and may fail to
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Figure 5.2: Pseudo-labeling through translation to the source domain: We translate the tar-
get data to the source domain and predict their pseudo-labels according to a
pre-trained source-domain segmentation network Segs.

preserve small structures corresponding to lesions. In contrast our semantic cycle-
consistency loss penalizes inconsistencies in the label space enforcing the transla-
tion network to preserve the lesions. The semantic cycle-consistency loss is a soft

generalization of the dice score given by

) (hw),(w)
Lgom = — b P75 5.1)

w 2
Y (P 4y 0%

where p(hvw) is the predictive probability of class 1 for voxel (h,w) provided by the
pre-trained source network Segg. The full objective is given by
min max Agan (Loan +LEn) + (L eon +LE on)
ES.E3$.E5. E} Gs,Gr Ds,Dr recon recon

+ )LC(Eggcon + ﬁ?eTwn) + }LS (‘Cf'gwn + Eigcon) + leC (Efyc + LZyc

) 62

+ lsem»csem7
where Agan, Ax, Ac, As, Acye, Asem control the importance of each term.

Pseudo-labeling through translation to the source

We generate pseudo-labels for the target images by translating them to the source
domain and predicting their labels according to the pre-trained source-domain seg-
mentation network Segg, trained on the labeled source data (Fig. 5.2).

Given a synthetic source image x7_,5 and the segmentation network Segs we
obtain a soft-segmentation map, p, ,, = Segs(xr_.s), where each vector p)(lefg cor-

responds to a probability distribution over classes. Assuming that high-scoring

pixel-wise predictions on synthetic source samples are correct, we obtain a segmen-
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Figure 5.3: We use data that have exclusively target-domain statistics to train the target
segmentation network (Segr). We translate the source data to the target domain
and supervise Segr using the ground-truth segmentation masks. We also use
target pseudo-labels to supervise Segr.

md Lseg (X571, Ys)

tation mask yr by selecting high-scoring pixels with a fixed threshold. Each entry
A(h,w)

Yy can be either a discrete one-hot vector for high-scoring pixels or a zero-vector

for low-scoring pixels. The pseudo-labeling configuration is defined as follows

I, ifc=arg maxp)(chz and p)(ChTLVSC) > threshold

) = (5.3)
0, otherwise.

Segmentation Network

The target-domain segmentation network, Segr, is an encoder-decoder net-
work [122, 120]. We supervise Segr using both the synthetic target images and
the corresponding source labels and the real target images and their pseudo-labels
(Fig. 5.3). Given an image x and its segmentation mask y, the segmentation loss is

defined as

2%, th.w,l)y(h,w.,l)
Zh ( (hyw,1) +y(h,w,l)2)’

Lseo(x,y) = (5.4)

(hw:1) s the predictive probability of class 1 for voxel (h,w).

where p
As in recent studies [156, 153], to further regularize the network on the target-
domain data for which we have not obtained pseudo-labels, we apply entropy-based

regularization. The loss L, is defined as follows

Lin(x Z B Z i log pii™), (5.5)
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(h,w,c)

where p is the predictive probability of class ¢, c = {0, 1}, for voxel (h,w).

The full objective is given by ming,e, Lseg + LEns-

Implementation details

We implement our framework using Pytorch [130].

Image-to-image translation network: The content encoders consist of convolu-
tional layers and residual blocks followed by instance normalization [150]. The
style encoders consist of convolutional layers followed by fully connected lay-
ers. The decoders include residual blocks followed by upsampling and convolu-
tional layers. The residual blocks are followed by adaptive instance normalization
(AdalN) [151] layers to adjust the style of the output image. The discriminators
consist of convolutional layers. For training we use Adam optimizer, a batch size of
32, a learning rate of 0.0001 and set losses weights to Agay = 1, A, =10, A, =1,
As = 1, Agem = 10. We train the translation network for 50000 iterations.
Segmentation network: The encoder of the segmentation network is a standard
ResNet [123] consisting of convolutional layers while the decoder consists of up-
sampling and convolutional layers. For training we use stochastic gradient decent
and a batch size of 32. We split the training set into 80% training and 20% valida-
tion to select the learning rate, the number of iterations and the threshold to perform

pseudo-labeling.

Datasets

We use VERDICT MRI data from 90 patients since annotations for 30 more patients
become available and we use DW-MRI data from 80 patients from the ProstateX
challenge dataset [93]. We have provided the acquisition details for both VERDICT
MRI and DW-MRI from mp-MRI acquisitions in Sec. 4.3.

5.3 Results

We evaluate the performance based on the average recall, precision, dice similarity
coefficient (DSC), and average precision (AP) across 5-folds.

We compare our approach to several baselines. i)VERDICT-MRI: train using
VERDICT-MRI only. ii) VERDICT-MRI + Synth (MUNIT + Lg,,,) : train us-
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Model Recall Precision DSC AP
VERDICT-MRI (Oracle) 66.2 (8.1) [70.5(9.9) |689(9.2) |72.1(10.4)
VERDICT-MRI + Synth (MUNIT + Lg,,,) 71.1(8.9) | 72.5(10.4) | 72.1 (8.7) | 76.7 (9.6)
mp-MRI + EntMin (ADVENT [156]) 50.8 (12.3) | 48.0(11.4) | 49.8 (13.0) | 51.4 (13.9)
Synth (MUNIT) 51.5(13.3) | 60.6 (11.9) | 53.6 (12.7) | 60.2 (13.0)
Synth MUNIT + Lge,) 55.1(13.9) | 62.4(12.8) | 55.3(10.9) | 62.0(13.4)
Synth (MUNIT + Lg,,,) + EntMin 54.7 (11.5) | 69.2 (10.3) | 57.1 (10.8) | 63.4 (12.8)
Synth (MUNIT + Lg,,,) + PsLab 59.8 (10.1) | 64.8 (11.1) | 61.5(10.3) | 64.9 (10.1)
Synth (MUNIT + Lg,,,) + EntMin + PsLab (Proposed) | 61.4 (9.9) | 66.9 (10.7) | 62.1 (9.8) | 65.6 (10.9)

Table 5.1: Average recall, precision, dice similarity coefficient (DSC), and average preci-
sion (AP) across 5 folds. The results are given in mean (+std) format.

ing real VERDICT-MRI and the synthetic VERDICT-MRI obtained from MUNIT
with semantic cycle-consistency loss. iii) mp-MRI + EntMin (ADVENT [156]):
train the model by minimizing the segmentation loss, Lg¢(xs,ys), on the raw mp-
MRI and the entropy loss, Lgu (x7), on VERDICT-MRI, an approach proposed
in [156, 153, 154]. iv) Synth (MUNIT): use the naive MUNIT to map from source
to target and train only on the synthetic data. v) Synth (MUNIT + Lg,,,): use MU-
NIT with semantic cycle-consistency loss to translate from source to target. vi)
Synth (MUNIT + Lg,,,) + EntMin: use (v) and entropy-based regularization on
VERDICT-MRI data. vii) Synth (MUNIT + Lg,,,) + PsLab: use (v) and pseudo-
labels to train the segmentation network on real VERDICT-MRI. viii) Synth (MU-
NIT + Lgep,) + EntMin + PsLab: use (vi) and pseudo-labels to train the segmentation

network on real VERDICT-MRI.

We report the results in Table 5.1. We observe that the performance is poor
when the segmentation network is trained on the mp-MRI and VERDICT-MRI data
(mp-MRI + EntMin (ADVENT [156])). However, we observe that when we train
the network with synthetic VERDICT-MRI and real VERDICT-MRI (Synth (MU-
NIT + Lsen) + EntMin) the performance improves. This justifies our assumption
that pixel-level alignment is beneficial in cases where there is a large distribution
shift. The performance further improves when we use pseudo-labels obtained from
confident predictions (Synth (MUNIT + Lg,,) + EntMin + PsLab). We also ob-
serve that compared to the naive MUNIT without the semantic cycle-consistency
loss (Synth (MUNIT)) our approach (Synth (MUNIT + Lg,,,)) performs better

since it successfully preserves the lesions. When combining real and synthetic
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VERDICT- mp-MRI + EntMin
(ADVENT [24])

Ground truth Proposed

MRI (Oracle)

Figure 5.4: Lesion segmentation results for two patients - the proposed approach performs
well on the target domain despite the fact that it does not utilize any manual
target annotations during training.

data (VERDICT-MRI + Synth (MUNIT + Lg,,,)) to train the network in a fully-
supervised manner we get better results compared to the oracle, where we use only
the real VERDICT-MRI. In Figure 5.4 we present lesion segmentation results pro-
duced by the different models for two patients. The results indicate that the pro-
posed approach performs well despite the fact that it does not use any manual an-
notations during training.

So far we have considered only the unsupervised case. However, our approach
can also be used in a semi-supervised setting. To evaluate the performance of our
method when labeled target data is available, we perform additional experiments
varying the percentage of labeled data; we use the pseudo-labels (PsLab) and en-
tropy minimization (EntMin) for the unlabeled data. Figure 5.5 shows that the per-
formance of our method improves as the percentage of real data increases and al-

ways outperforms the baseline that is trained only on the target domain.

5.4 Conclusion

In this chapter we proposed a domain adaptation approach for lesion segmentation.
Our approach relies on appearance alignment along with pseudo-labeling to train a
target domain classifier using exclusively target domain statistics. We demonstrate

the effectiveness of our approach for lesion segmentation on VERDICT-MRI which
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Figure 5.5: Performance as we vary the percentage of labeled target data used for training.
We observe that our method improves with more supervision and the improve-
ments introduced by our method over the baseline of target-only training carry
over all the way to the fully-supervised regime.

is an advanced imaging technique for cancer characterization. When compared to
several unsupervised domain adaptation approaches, our approach yields substantial
improvements, that consistently carry over to the semi-supervised and supervised

learning settings.



Chapter 6

Unsupervised domain adaptation for
semantic segmentation of urban

scenes

In this chapter, we further extend the approach proposed in Chapter 5 to unsu-
pervised domain adaptation for semantic segmentation of urban scenes. We fo-
cus on semantic segmentation of urban scenes since there are two benchmarks
available allowing us to compare our approach with recent state-of-the-art meth-
ods. As in Chapter 4, 5, we rely on stochastic generative modelling to capture
inherent translation ambiguities. This allows us to (i) train more accurate tar-
get networks by generating multiple outputs conditioned on the same source im-
age, leveraging both accurate translation and data augmentation for appearance
variability, (ii) impute robust pseudo-labels for the target data by averaging the
predictions of a source network on multiple translated versions of a single tar-
get image and (iii) train and ensemble diverse networks in the target domain by
modulating the degree of stochasticity in the translations. We report improve-
ments over strong recent baselines, leading to state-of-the-art unsupervised do-
main adaptation (UDA) results on two challenging semantic segmentation bench-
marks. Our code is publicly available at https://github.com/elchiou/
Beyond-deterministic-translation-for-UDA. This chapter contains

material from [32] which was published at BMVC 2022.


https://github.com/elchiou/Beyond-deterministic-translation-for-UDA
https://github.com/elchiou/Beyond-deterministic-translation-for-UDA
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6.1 Introduction

Unsupervised domain adaptation aims at accommodating the differing statistics be-
tween a ‘source’ and a ‘target’ domain, where the source domain comes with input-
label pairs for a task, while the target domain only contains input samples. Success-
fully solving this problem can allow us for instance to exploit synthetically gener-
ated datasets that come with rich ground-truth to train models that can perform well
in real images with different appearance properties. Translation-based approaches
[15, 16, 157,7, 158] rely on establishing a transformation between the two domains
(often referred to as ‘pixel space alignment’) that bridges the difference in their
statistics while preserving the semantics of the translated samples. This translation
can then be used as a mechanism for generating supervision in the ‘target’ domain

based on ground-truth originally available in a ‘source’ domain.

In this work we address a major shortcoming of this approach - namely the
assumption that this translation is a deterministic function, mapping a single source
to a single target image. Recent works on the closely related problem of unsuper-
vised image translation [143, 159, 144, 142] have highlighted that this is a strong
assumption and is frequently violated in practice. For instance a nighttime scene
can have multiple daytime counterparts where originally invisible structures are re-
vealed by the sun and also illuminated from different directions during the day.
To mitigate this problem these techniques introduce methods for multimodal, or
stochastic translation, that allows an image from one domain to be associated with

a whole distribution of images in another.

Firstly, as in Chapter 4, 5, we use stochastic translation [143, 159, 144, 142]
across the source and target domains. We show that allowing for stochastic transla-
tions yields clear improvements over the deterministic CycleGAN-based baseline,
as well as all published pixel space alignment-based techniques. We attribute this
to the ability of the multimodal translation to generate more diverse and sharper

samples, that provide better training signals to the target-domain network.

Secondly, we exploit the ability to sample multiple translations for a given

image in order to obtain better pseudo-labels for the unlabelled target images: we
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generate multiple translations of every target image into the source domain, label
each according to a source-domain CNN, and average the resulting predictions to
form a reliable estimate of the class probability. This is used as supervision for
target-domain networks, and is shown to be increasingly useful as the number of

averaged samples per image grows.

Thirdly, we modify the variance of the latent style code in order to train and
ensemble complementary target-domain networks, each of which is adapted to han-
dle a different degree of appearance variability. The results of ensembling these
networks on the target data are then used to train a single target-domain network
that outperforms all methods that also rely on ensembling-based supervision in the

target domain.

We show that each of our proposed contributions yields additional improve-
ments over strong recent baselines, leading to state-of-the-art UDA results on two

challenging semantic segmentation benchmarks.

6.2 Related work

UDA approaches aim at learning domain invariant representations by aligning
the distributions of the two domains at feature/output level [160, 161, 162, 163,
164, 165, 166] or at image level [15, 16, 7]. Based on the observation that the
source and the target domain share a similar semantic layout, [160, 156] rely
on adversarial training to align the raw output and entropy distributions respec-
tively. However, such a global alignment does not guarantee that individual tar-
get samples are correctly classified. Category-based feature alignment methods
[167, 168, 169, 170, 161, 162] attempt to address this problem by mapping target-

domain features closer to the corresponding source-domain features.

Image-level UDA methods aim at aligning the two domain at the raw pixel
space. [15, 16, 157, 7] rely on CycleGAN [139] to translate source domain images
to the style of the target domain. Two recent works [171, 163] bypass the need for
training an image translation network by relying on simple Fourier transform and

global photometric alignment respectively.
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Complementary to the idea of translation is the use of self-training [172, 173,
174, 175] which has been originally used in semi-supervised learning. Self-training
iteratively generates pseudo-labels for the target domain based on confident predic-
tions and uses those to supervise the model, implicitly encouraging category-based
feature alignment between the source and the target domain. Another direction
pursued in [176, 177] is to leverage the unlabeled target data by using consistency
regularization to make the model predictions invariant to perturbations imposed in

the input images.

Two recent works [16, 7] that rely on both image-level alignment and self-
training are more closely related to our work. [16] relies on CycleGan to translate
source images to the style of the target domain. They train the image translation
network and the segmentation network alternatively and introduce a perceptual su-
pervision based on the segmentation network to enforce semantic consistency dur-
ing translation. They also generate pseudo-labels for the target data based on high
confident predictions of the target network and use those to supervise the target net-
work. [7] improves upon [16] by replacing the single-domain perceptual supervision
with a cross-domain perceptual supervision using two segmentation networks oper-
ating in the source and the target domain respectively. In addition, they rely on both
the source and the target networks to generate pseudo labels for the target data. Sim-
ilar to these works we rely on image-to-image translation to translate source images
to the style of the target domain, but we go beyond their one-to-one mapping ap-
proach which allows us to leverage both accurate translation and data augmentation
for appearance variability. In addition, as in [7] we use source and target networks
to generate pseudo-labels, but we exploit stochasticity in the translation to generate

more robust pseudo-labels that allow us to train accurate target-domain networks.

6.3 Methods

We start in Sec. 6.3.1 by introducing the background of using translation in UDA,
and then introduce our technical contributions from Sec. 6.3.2 onwards. Our pre-

sentation gradually introduces different components, loss terms, and processes used
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in UDA, and we summarize how everything is pieced together in Sec. 6.3.5.

6.3.1 Domain translation and UDA

In UDA we consider a source dataset with paired image-label data: S =
{(xl,¥')},i € [1,S] and a target dataset comprising only image data 7 = {xi},i €
[1,T]. Our task is to learn a segmentation system that provides accurate predictions
in the target domain; we assume a substantial domain gap, precluding the naive
approach of training a network on § and then deploying it in the target domain.
Output-space alignment UDA approaches [160] train a single segmentation
network, ' on both the source and the target images, using a cross-entropy loss
in the source domain and an adversarial loss in the target domain to statistically
align the predictions on target images to the distribution of source predictions. This

results in a training objective of the following form:

LF)= ), Lee(F(x),y)+ Y Laan(F(x)), 6.1)
(xy)eS xeT
where F(x) the softmax output.
In [156] entropy-based adversarial training is used to align the target entropy
distribution to the source entropy distribution instead of aligning the raw predic-

tions, resulting in the following objective:

LIF)= Y Lee(F).))+ Y Laav(E(F(x))), (6.2)
(xy)eS x€T
where E(F (x)) = —F (x)log(F (x)) is the weighed self-information.

Given that the network provides low-entropy predictions on source images,
adversarial entropy minimization promotes low-entropy predictions in the target
domain. The entropy-based objective forces the target points to be classified confi-
dently, and aims at reducing misclassifications by aligning the decision boundaries
of F with low-density areas of the target domain - reflecting a desired property un-
der the cluster assumption [178]. Still, having a single network F that successfully

operates in both domains can be challenging due to the broader intra-class variabil-
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ity caused by the domain gap.

Pixel-space alignment approaches try to mitigate this problem by establishing a
relation between the distributions of the source and target domain images and using
that to supervise a network that only operates with target-domain images. In its
simplest form, adopted also in [179, 15, 180, 16, 157] this relation is a deterministic
translation function T that maps source images to the target domain, resulting in the

following objective:

LR)= ) Lee(B(TH)¥)+ Y Laav(E(F(x))), (6.3)
(x,y)eS x€T

where the difference with respect to Eq. 6.2 is that the translated version of x, T/[x]
is passed to the target-domain segmentation network, F;. A straightforward way of
obtaining such a translation function is through unsupervised translation between
the two domains [139]; more sophisticated approaches [15, 16, 157] train the trans-
lation network in tandem with the UDA task, using for instance semantic losses
to ensure the semantics of the source domains are preserved during cyclic transla-
tion. Other methods that implicitly use translation include [171], where a Fourier
domain-based approach is used to align the two domains, effectively bypassing the
need for a pixel-level translation network.

This approach creates a target-adapted variant of the source-domain dataset,
allowing us to train a single network that is tuned exclusively to the statistics of
the target domain. This reduces the intra-class variance and puts less strain on the
segmentation network, but relies on the strong assumption that such a deterministic
translation function exists. In this work we relax this assumption and work with
a distribution on translated images. This better reflects most UDA scenarios and
provides us with novel and simple tools to improve UDA performance, as described

below.

6.3.2 Stochastic translation and UDA

We propose to replace the determinstic translation function T[x], with a distribution

over images given by T[x,v],v ~ A(0,I), where v is a random vector sampled
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Figure 6.1: Unsupervised Domain Adaptation (UDA) with stochastic translation: we rely
on a content-style separation network to associate a synthetic image from the
GTAD5 dataset (source) with a distribution of image translations to the target do-
main. These translations preserve the content signal and adopt the appearance
properties of the Cityscapes dataset (target) through randomly sampled style
codes. We use the resulting images to train a target-domain network tasked
with predicting the labels of the respective source-domain image, irrespective
of the style variation. Stochasticity in UDA allows the translation networks to
generate multiple, sharp outputs that better capture the diversity of the scenes
in the target domain, and train the target-domain network with a more repre-
sentative set of images.

from a normal distribution with zero mean and unit covariance [143]. For instance
when translating a nighttime scene into its daytime scene, the random argument can
reflect the (unpredictable) position of the sun, clouds or obscured objects. For the
synthetic-to-real case that we handle in our experiments we can see from Fig. 6.1
that the translation network can indeed generate scenes illuminated differently as
well as different cloud patterns, allowing us to capture more faithfully the range of
scenes encountered in the target domain. We note that T remains deterministic and
can be expressed by a neural network, but has a random argument which results in
a distribution on translated images.

This change is reflected in the UDA training objective by replacing the loss of

the translated image with the expected loss of the translated image:

LF)="), Ev[CeelF (Tl V), 0]+ Y Laav(E(F(x))), (6.4)

(x,y)esS xcT
where the expectation is taken with respect to the random vector v ~ A/ (0,1), driv-
ing the stochastic translation. We note that during training we create minibatches

by first sampling images from S and then sampling v once per image, effectively
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replacing the integration in the expectation with a Monte Carlo approximation.
Our stochastic translation network relies on MUNIT [143]: we start from re-
constructing images in each domain through content and style encodings, where
content is fed to the first layer of a generator whose subsequent layers are modulated
by style-driven Adaptive Instance Normalization [151] - this amounts to minimizing

the following domain-specific autoencoding objectives:

Ly= Z ||X_Gs(cs(x)75s(x)>||7

x€S

L= Z ||X_Gt<ct(x)7St(x))H>

x€T

where Cs, S, G, are the content-encoder, style-encoder and generator networks for
the source domain s respectively, while C;,S;, G; are those of the target domain ¢.

The basic assumption is that the commonalities between two domains are cap-
tured by the shared content space, allowing us to pass content from the source image
to its target counterparts, as also shown in Fig. 6.1. The uncertainty in the translation
is captured by a domain-specific style encoding that is inherently uncertain given
the source image.

This results in the following stochastic translation function from source to tar-

get:
Tlx,v] = G,(Cy(x),v), v~ N(0,I), x€ S,

where we encode the content of the source image through Cs(x) and then pass it
to the target-domain generator G; that is driven by a random style code v. A simi-
lar translation is established between the target and source domains, and adversarial
losses on both domains ensure that the resulting translations appear as realistic sam-
ples of the respective domains.

The alignment of the shared latent space for content is enforced by a cycle
translation objective:

" = HCI(GI(CS(x)aV» _Cs(x)HZa xeS, v NN(071)7

cycle —
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Figure 6.2: Diverse translations of images from the GTA source dataset to the Cityscapes
target dataset: we observe that even though the content and pixel semantics
stay intact, we generate diverse variants of the same scene, effectively capturing
more faithfully the data distribution in the target domain.

ensuring that regardless of the random style code, we can recover the original con-
tent Cy(x) by encoding the translated image through the respective content encoder.
A similar loss is used for the style code:
evele = [151(Gi(Cs(x),v)) = V[[2, x €S, v~ N(0,1).
We preserve semantic information during translation by imposing a semantic
consistency constraint to our stochastic translation network using a fixed segmenta-
tion network F pretrained on source and target data using Eq. 6.2. Given an image x

we obtain the predicted labels before translation as p = argmax(F (x)) and enforce

semantic consistency during translation using an objective of the following form:

Lsem = Lee(F(T[x,v]), p). (6.5)

The losses are applied to translations to both domains since unlike UDA, there is no

special ‘source’ and ‘target’ domain.

We argue that stochastic translation provides us with a natural mechanism to
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handle UDA problems with large domain gaps where things may unavoidably get
‘lost in translation’; the content cycle constraint can help preserve semantics during
translation, while the random style allows the translated image appearance to vary
freely, avoiding a deterministic and blunt translation.

This is demonstrated in Fig. 6.2, where we show some of the samples obtained
by our method: we observe that our method generates sharp samples of high vari-
ability and noticeable diversity. As we show in the experimental results section, this
results in substantially improved UDA accuracy. We also note that our approach
includes deterministic translation as a special case, since the network can always
learn to ignore the source of stochasticity if that is not useful - hence deterministic
translation-based results provide effectively a lower bound on what our method can

deliver.

6.3.3 Stochastic translation and pseudo-labelling

Having shown how stochastic translation from the source to the target domain can
be integrated in the basic formulation of UDA, we now turn to exploiting stochastic
translation from the target to the source domain, which is freely provided by the
cycle-consistent formulation of [143].

In particular we consider a complementary segmentation network, F, that op-
erates in the source domain and can be directly supervised from the labeled source

dataset based on a cross-entropy objective:

LF)= Y} Lee(Fix),y). (6.6)
(x,y)eS
This network can provide labels for the target-domain images, once these are trans-
lated from the target to the source domain; these pseudo-labels of the target data
can in turn be used to supervise the target-domain network through a cross-entropy
loss.
In the case of deterministic translation pseudo-labels would be obtained by the

following expression:

)7()6) = F:V(I[x])v xeT, (6.7)
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Figure 6.3: Stochastic translation for pseudo-labeling: the target image (left) results in mul-
tiple target-domain translations (middle) which are processed by the source-
domain network, F; and averaged to produce pseudo-labels for the target im-
age; the latter are used to supervise the target-domain network F; through a
cross-entropy loss.

where I is the inverse transform from the target to the source domain, and y indicates

the pixel-level posterior distribution on labels.

In our case however we have a whole distribution on translations for every
image in 7. We realise that we can exploit multiple samples to obtain a better
estimate of the pseudo-labels. In particular we form the following Monte Carlo

estimate of pseudo-labels:

o) = Ey[E( V)], xeT,v~N(0,I)

where v, are independently sampled from the normal distribution. As shown in
Fig. 6.3 the label maps obtained through this process tend to have fewer errors and
be more confident, since averaging the results obtained by different translations can
be expected to cancel out the fluctuation of the predictions around their ground-truth

value.

Our experimental results indicate that using K = 10 yields substantially better
results than using a single sample. We also note that pseudo-label generation is a
one-off process done prior to training the target-domain network, and consequently

the number of samples, K, does not affect training time.
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6.3.4 Stochasticity-driven training of diverse network ensem-
bles

An experimental approach that has been recently adopted by several recent
works [171, 7] consists in ensembling different networks trained for UDA, and
using their predictions as an enhanced pseudo-labeling mechanism. For instance
in [171] this was accomplished by modifying one of the main design parameters
of their phase-driven translation algorithm. A main recipe for successful network
ensembling is to generate complementary networks, so that they make uncorrelated

errors, which hopefully cancel out.

Based on the understanding that the stochasticity driving our translation mech-
anism can be seen as implementing appearance-level dataset augmentation in the
target domain, we introduce a simple twist to the translation mechanism that allows
us to train networks that operate in different regimes. For this we scale by a con-
stant the variance of the normal distribution used to sample the random style code
- this amounts to generating more diverse translations than those suggested by the
image statistics of the target domain. On one hand this trains a target network that
can handle a broader range of inputs, but on the other hand it may waste capacity to

handle unrepresentative samples.

We train two such networks, one with the variance left intact and the other with
the variance scaled by 10, and average their predictions with those of the source-
domain network described in the previous subsection as shown in Fig. 6.4. Our
results show that this triplet of networks yields a clear boost over the baseline oper-

ating with a single network.

Further following common practice in UDA we use the resulting ensembling
results as pseudo-labels in the next round of training - this yields further improve-

ments, as documented in detail in the experimental results section.

6.3.5 Training objectives

Having described the components of our method, we now summarize the losses

used for training our networks.
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Figure 6.4: Ensembling of a triplet of networks — two target networks trained with differ-
ent degrees of stochasticity in the translation (6) and a source network — for
robust pseudo-labeling.

Firstly, we train our stochastic translation network using the process of [143]
and introduce a semantic consistency loss as in [15] to preserve semantics during

translation.

For the target-domain network the basic objective has already been provided
in Eq. 6.4, where L, is the standard cross-entropy loss and L, is the adversarial
entropy minimization objective [156]. A more sophisticated objective can train
this network with pseudo-labels, obtained either from a source-domain network as
described in Sec. 6.3.3 or from the ensembling of multiple networks, as described

in Sec. 6.3.4. In that case the objective becomes:

L) = Y By lLelF(Thev)) )] +
(x,y)eS

Y La(E(F()))+ Y, LE(Fi(x),argmax(9)),
x€T xeT

(6.8)

where the cross entropy loss £ (F;(x)) is only applied on pseudo-labels where
the dominant class has a score above a certain threshold 6. Similar to [172] we
use class-wise confidence thresholds to address the inter-class imbalance and avoid
ignoring hard classes. Specifically, for each class ¢ the threshold 6, equals to the
probability ranked at rx N., where N, is the number of pixels predicted to belong
in class ¢ and r is the proportion of pseudo-labels we want retain. We provide more

details in the Appendix (Sec. 6.6).

Finally, for the source-domain network, we observed experimentally that we
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obtain better results by adding an entropy-based regularization to the output of Fj
when it is driven by translated target images - this ensures that the source network
will correctly classify the source images, while placing its boundaries far from areas
populated by synthetic source-domain images. The objective function for the source

network becomes:

LF)= Y Le )+ Y Ey[Laan(Fs(I[x,v]))], (6.9)

(x.y)eS xeT

forming the source-domain counterpart to the objective encountered in Eq. 6.4.

When pseudolabels are available for the target domain the objective function be-

comes:
LF)=Y L )+ Y Ev[Laar(F(Ifx,v]))]
(x,y)eS xeT (6.10)
+ Z £ ]),argmax(y)),
x€T

forming the source-domain counterpart of the objective in Eq. 6.8.

6.4 Experiments

We evaluate the proposed approach on two common UDA benchmarks for se-
mantic segmentation. In particular we use the synthetic dataset GTAS [23]
or SYNTHIA [24] with ground-truth annotations as the source domain and the
Cityscapes [25] dataset as the target domain with no available annotations during
training. We evaluate the performance using the mean intersection over union score

(mloU) across semantic classes on the Cityscapes validation set.

6.4.1 Datasets

Cityscapes [25] is a real-world dataset of diverse urban street scenes collected from
different cities. We use 2975 training images and 500 validation images with res-
olution 2048 x 1024. We resize the images to 1024 x 512. We train the image
translation network and the segmentation network using the training set and report

the results on the validation set.

GTAS [23] consists of 24966 synthesized images captured from a video game. The
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original images have resolution 1914 x 1052 and they are resized to 1024 x 512 for
training. GTAS provides pixel-level semantic annotations of 33 classes. Similar to
other studies, we use the 19 common classes between GTAS and Cityscapes.

SYNTHIA [24] consists of synthesized images rendered from a virtual city. We use
SYNTHIA-RAND-CITYSCAPES subset which has 9400 annotated images with
resolution 1280 x 760. We use the 16 common classes between SYNTHIA and
Cityscapes for training and we evaluate the performance on 16 classes and a subset

of 13 classes following previous studies [16, 156, 171, 157].

6.4.2 Implementation details

Stochastic translation network: We rely on MUNIT [143] to establish a stochastic
translation across the source and target domain. Images from the source and the
target domain are resized to 1024 x 512 and cropped to 400 x 400. We train the
network for 600000 iterations with batch size 1 and a learning rate starting 0.0001
and decreasing by half every 100000 iterations.

Semantic segmentation network We train two different architectures, i.e.,
DeepLabV2 [181] with ResNet101 [182] backbone, and FCN-8s [119] with VGG-
16 [128] backbone. We train DeepLabV2 with ResNet101 using Stochastic Gra-
dient Descent optimizer with initial learning rate 2.5 x 10~*, momentum 0.9 and
weight decay 1 x 10~*. The learning rate is adjusted according to the poly learning
rate scheduler with a power of 0.9. We train FCN-8s with VGG-16 using ADAM
with initial learning rate 1 x 10> and momentum 0.9 and 0.99. The learning is
decreased by a factor Y= 0.1 every 50000 iterations. We use the same discriminator
for both the DeepLabV?2 and FCN-8s. The discriminator used to adapt the entropy
maps is similar to [183]. It has 4 convolutional layers, each followed by a leaky-
ReLU layer with negative slope of 0.2. The last layer is a binary classification layer

classifying the inputs either as source or target.

6.4.3 Results

Stochastic translation: We start by examining in how stochastic translation im-

proves performance compared to deterministic translation. In all cases the segmen-
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Method Output space Pixel space  mloU
ADVENT [156] v 43.8
ADVENT * v 42.9
ADVENT *+
CycleGAN* v v 45.1
Ours v v 46.2
Ours w/ Loy, v v 46.6

Table 6.1: GTA to Cityscapes UDA using stochastic translation: We train ADVENT us-
ing synthetic images obtained from deterministic translation (CycleGAN) and
stochastic translation (Ours). We observe a clear improvement thanks to pixel-
space alignment based on stochastic translation. * denotes our retrained models.

tation model is DeepLabV?2 [181] and the source and target datasets are GTAS [23]
and Cityscapes [25] respectively.

In Table 6.1 we start with an apples-to-apples comparison that builds on di-
rectly on the ADVENT baseline [156]; the first two rows compare the originally
published and our reproduced numbers respectively. The third row shows the sub-
stantial improvement attained by training the system of ADVENT using translated
images - which amount to training with Eq. 6.3. The forth row reports our stochastic
translation-based result, amounting to training with Eq. 6.4. We observe a substan-
tial improvement, that can be attributed solely to the stochasticity of the translation.
The last row shows that imposing a semantic consistency constraint as described
in Eq. 6.5 further improves the performance.

Pseudo labeling: As discussed in Section 6.3.3 we translate from the target to
the source domain and generate pseudo labels for the target data. The first three
rows in Table 6.2 show the impact of the number of samples K, on performance.
Averaging the predictions of multiple translations for a given target image improves
the performance and allows to obtain better pseudo labels for the target domain. Our
results show that using 10 samples yields better performance. In rows 4, 5 of the
same table we report the performance obtained from the two target networks trained
with different degrees of stochasticity in the translation as described in Sec. 6.3.4.

Averaging the prediction of the three networks gives the best results, indicating the
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F,,K=1 | F,,K=5 | F,, K=10 F,, F,, mloU
=1 | 62=10

v 433
v 44.0

v 44 4

v 46.6

v 46.1

v v 47.7

v v 47.6

v v 47.7

v v v 48.2

Table 6.2: Performance of different models and their combinations. The first 3 rows show
the performance of the source network Fy; when averaging the predictions of
multiple translations K, of a target image while rows 4, 5 show the performance
of the target networks F;, trained with different degrees of stochasticity (62) in
the translation. Averaging the predictions of multiple translations and combining
the three models allows us to obtain better pseudo-labels for the target domain.

complementary of the model predictions. We also provide qualitative results in the

Appendix (Sec. 6.6).

Network ensembling: Table 6.3 shows the results obtained in three rounds of
pseudo-labeling and training, following the approach of [171, 16, 7]. In the first
round (R = 0) we train the target and source networks with Eq. 6.4 and Eq. 6.9 re-
spectively using the synthetic and real data and average the predictions of the three
models to generate pseudo-labels for the target data. In the second round (R=1) we
use the generated pseudo-labels as ground-truth labels to train the target and source
networks with Eq. 6.8 and Eq. 6.10 respectively. We observe that the pseudo-labels
obtained by ensembling improve the performance of each individual network, as

well as the ensemble obtained in the last round (R=2).

Benchmark results We use DeepLabV2 [181] with ResNet101 [182] back-
bone, and FCN-8s [119] with VGG-16 [128] for the segmentation and compare
with [160, 156, 16, 184, 171, 157, 174, 185, 186, 177, 7] which use exactly the
same experimental settings. We report both the results obtained using a single tar-
get network and the results obtained by ensembling. We provide qualitative results

in the
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Model mloU
F, (R=0) 44 4
F,o0?2=1(R=0) 46.6
F,, 02 =10 (R=0) 46.1
Ens (R=0) 48.2
F, (R=1) 49.1
F,02=1R=1) 50.1
F,02=10(R=1) 509
Ens (R=1) 52.0
F, (R=2) 51.3
F,o02=1(R=2) 53.0
F,02=10(R=2) 529
Ens (R=2) 54.3

Table 6.3: Ablation study on GTA to Cityscapes. Averaging the predictions (Ens) of a
source network Fj, and two target networks F; trained with different degrees of
stochasticity (6%) in the translation allows to obtain robust pseudo-labels, while
using multiple rounds R of pseudo-labeling and training improves the overall

performance.
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VGG backbone
AdaptSegNet[160] 873 298 78.6 2I.1 182 225 215 11.0 797 296 713 468 6.5 80.1 230 269 00 106 03 350

AdvEnt[156] 869 287 787 285 252 17.1 203 109 80.0 264 702 47.1 84 815 260 172 189 117 16 36.1

BDL [16] 89.2 409 81.2 29.1 192 142 290 19.6 837 359 807 547 233 827 258 28.0 23 257 199 413

LTIR [184] 925 545 839 345 255 310 304 18.0 841 39.6 839 53.6 193 817 21.1 136 177 123 65 423

FDA-MBT [171] 86.1 351 80.6 30.8 204 275 300 26.0 821 303 73.6 525 21.7 817 240 305 29.9 146 240 422

PCEDA [157] 90.7 49.8 819 234 185 373 355 343 829 365 758 61.8 124 832 192 261 40 143 21.8 426

DPL-Dual (Ensemble) [7] 89.2 440 835 350 247 27.8 383 253 842 395 81.6 547 258 833 293 490 52 302 326 465

Ours 91.1 432 841 346 255 258 337 313 847 449 831 553 235 81.6 231 343 63 327 348 460

Ours (Ensemble) 91.0 40.7 84.7 33.8 271 309 33.1 351 853 447 829 568 234 862 365 503 28 27.8 36.6 47.9
ResNet101 backbone

AdvEnt[156] 89.4 331 81.0 266 268 272 335 247 839 367 78.8 587 30.5 848 385 445 1.7 31.6 324 455

BDL [16] 91.0 447 842 346 276 302 360 360 850 43.6 83.0 586 31.6 833 353 497 33 288 356 485

LTIR [184] 929 550 853 342 31.1 349 407 340 852 40.1 87.1 61.0 31.1 825 323 429 03 364 46.1 502

FDA-MBT [171] 925 533 824 265 276 364 40.6 389 823 398 78.0 62.6 344 849 341 53.1 169 277 464 505

PCEDA [157] 91.0 492 856 372 29.7 33.7 381 392 854 354 851 61.1 328 841 45.6 469 00 342 445 505

TPLD [174] 942 60.5 828 36.6 166 393 29.0 255 856 449 844 606 274 841 37.0 470 312 36.1 503 512

Wang et al. [186] 90.5 387 865 41.1 329 40.5 482 421 865 368 842 645 381 872 348 504 02 418 546 526

PixMatch [177] 91.6 512 847 373 29.1 246 313 372 865 443 853 62.8 226 876 389 523 0.65 372 500 503

DPL-Dual (Ensemble) [7] 92.8 544 862 41.6 327 364 49.0 340 858 413 86.0 632 342 872 393 445 187 42.6 43.1 533

Ours 933 565 859 41.0 33.1 348 438 438 866 465 825 61.1 304 870 397 507 88 349 468 530

Ours (Ensemble) 934 558 864 444 361 346 450 398 869 48.0 844 61.7 309 877 449 559 11.1 384 454 543

Table 6.4: Quantitative comparison on GTA5—Cityscapes. We present per-class IoU and
mean IoU (mloU) obtained using VGG and ResNet101 backbones.

The results for the GTA-to-Cityscapes benchmark are summarized in Ta-
ble 6.4. Our results show that our method achieves state-of-the-art performance

and outperforms previous methods. When compared with other approaches relying
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on both deterministic translation and multiple rounds of pseudo-labeling and train-
ing [16, 7, 171], our approach performs better while at the same time is simpler. In
particular, [16] and [7] train both the image translation and segmentation networks
multiple times and use complex warm-up stages [7]. On the other hand we train the
image translation network only once and use the same image translation network in

all rounds of pseudo-labeling and training.

S $ §’

g S 5 I} 13 2

y & §F 5 & =2 & s & g & . § &
Method § 5 § F &5 & F 2 £ £ F 5 FE E o oao

VGG backbone

AdvEn([156] 679 294 719 63 03 199 06 26 749 749 354 96 678 214 41 155 314 366
BDL [16] 720 303 745 01 03 246 102 252 805 800 547 232 727 240 75 449 390 461
FDA-MBT [171] 842 351 780 6.1 04 270 85 221 772 796 555 199 748 249 143 407 405 473
PCEDA [157] 797 352 787 14 06 231 100 289 79.6 812 512 251 722 241 167 504 41.1 487
DPL-Dual (Ensemble) [7] 83.5 382 804 13 11 291 202 327 818 836 559 203 794 266 74 462 430 505
Ours 833 409 803 14 06 248 169 31.1 824 841 574 20.1 832 303 160 445 436 515

Ours (Ensemble) 88.7 41.6 803 1.0 07 236 143 331 819 8I1.1 572 21.1 841 334 191 443 441 52.3
ResNet101 backbone

AdvEnt[156] 85.6 422 79.7 - - - 54 81 804 841 579 238 733 364 142 330 - 48.0
LTIR [184] 92.6 532 792 - - - 1.6 75 786 844 526 20.0 82.1 348 146 394 - 49.3
BDL [16] 86.0 46.7 80.3 - - - 141 116 792 813 541 279 73.7 422 257 453 - 514
FDA-MBT [171] 79.3 350 732 - - - 199 240 617 826 614 311 839 408 384 5l.1 - 52.5
PCEDA [157] 859 446 80.8 - - - 248 231 795 831 572 293 735 348 324 482 - 53.6
TPLD [174] 809 443 822 199 03 40.6 205 30.1 772 809 606 255 84.8 41.1 247 437 473 535
Wang et al. [186] 794 346 835 193 28 353 321 269 788 79.6 66.6 303 86.1 36.6 195 569 480 54.6
PixMatch [177] 925 546 798 47 0.08 241 228 17.8 794 765 60.8 247 857 335 264 544 461 54.5
DPL-Dual (Ensemble) [7] 87.5 457 828 133 0.6 332 220 20.1 831 86.0 56.6 219 831 403 298 457 470 542
Ours 858 417 824 76 19 332 265 184 833 865 620 297 839 521 346 514 488 56.8

Ours (Ensemble) 872 441 821 65 14 331 247 179 834 86.6 624 304 861 585 368 528 49.6 579

Table 6.5: Quantitative comparison on SYNTHIA—Cityscapes. We present per-class IoU
and mean IoU (mloU) obtained using VGG and ResNet101 backbones. mloU
and mloU* are the mean IoU computed on the 16 classes and the 13 subclasses
respectively.

The results for the SYNTHIA-to-Cityscapes benchmark are reported in Ta-
ble 6.5. Following the evaluation protocol of previous studies [16, 157, 171, 156, 7]
we report the mloU of our method on 13 and 16 classes. We observe that our method
outperforms previous state-of-the art methods by a large margin (+3.7 compared to
DPL[7]). We note here that the domain gap between SYNTHIA and Cityscapes
is much larger compared to the domain gap between GTA and Cityscapes. We at-
tribute the substantial improvements obtained by our method to the stochasticity in
the translation which allows us to better capture the range of scenes encountered in
the two domains and to generate sharp samples even in cases where there is a large

domain gap between the two domains.



6.5. Conclusion 106

6.5 Conclusion

In this work we have introduced stochastic translation in the context of UDA for
semantic segmentation of urban scenes and showed that we can reap multiple ben-
efits by acknowledging that certain structures are ‘lost in translation’ across two
domains. The networks trained directly through stochastic translation clearly out-
performs all comparable counterparts, while we have also shown that we retain our

edge when combining our approach with more involved UDA approaches such as

pseudo-labeling and ensembling.

6.6 Appendix
We report results from additional ablation studies and class-wise IoU for ablation
studies already presented in Sec. 6.4.3. We report results on GTA-to-Cityscapes

using DeepLab-V?2 with ResNet-101. We also report qualitative results.

6.6.1 Quantitative results

Training objective of the source domain network.

As we mentioned in Sec. 6.3.5, for the source domain network we observed ex-
perimentally that we obtained better results by adding an entropy-based adversarial
loss L4y, to the output of source-domain network F; when it is driven by translated
target images. In Table 6.6 we report results obtained with and without the entropy-
based adversarial loss (Eq. 6.9). Adding the entropy-based regularization improves

performance for most classes.
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Table 6.6: Better performance is achieved by adding an entropy-based regularization £,4,
to the output of source-domain network Fy; when it is driven by translated target

images.

Selection of r for pseudolabel generation.
In Table 6.7 and Table 6.8 we provide the per-class [oU and mIoU obtained on the

validation set for different values of r in the first (R=0) and second (R=1) round
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of pseudo-labeling respectively. In both rounds the best performance is achieved
for r = 0.6. In the second round of pseudolabeling the networks provide more

confident predictions since the performance remains the same for almost all classes

when r <0.5.
5 5 2
5 ) ' 3
g 5 s 5 IS S 2
= 5 & o 5 3 S s ~ s S o
)4 o N 5 o o R g & & & 3} 13 1% SEE S S
., £ F F F£ & § & £ & & £ 5 ¥ § 5§ 5 EF F
1.0 92.1 47.8 843 365 279 315 36.6 245 854 412 816 614 30.1 863 376 473 13 287 327 482
0.8 974 698 934. 520 425 47.1 552 377 942 535 91.1 782 402 944 474 557 22 409 554 604

0.7 982 721 959. 634. 515 552 640 425 965 650 93.7 869 517 964 57.0 612 2.7 531 658 67.0
0.6 985 702 963 734 575 541 587 333 972 774 938 908 603 975 655 69.6 25 658 719 70.2
05 986 594 965 790 552 446 543 207 97.6 814 938 922 610 979 70.6 741 13 733 703 69.6
04 986 50.1 96.6 765 422 446 546 20.6 977 823 938 923 611 979 706 741 05 734 705 683
03 986 50.1 96.6 766 383 447 546 206 977 823 938 923 61.1 979 70.6 741 02 734 705 68.1

Table 6.7: Per-class IoU and mean (mloU) obtained using different values of r for class-
wise confidence threshold selection in the first round (R=0) of pseudolabeling.
We observe that r = 0.6 gives the best results.

I~ 3]
& N S e
) § t;so ~ & § 5 s 5 ¥ I § g
g i i g ¢ I s & & o ) « 5§ 8 5
r év ; .5 .év 9§ ; éo ;0 L § ? g ? § § ~Q= "g So 459 mloU
1.0 930 533 858 412 33.1 334 39.1 297 864 454 845 600 293 869 458 577 2.7 346 458 520

08 968 674 936 573 452 467 542 419 942 592 924 748 37.1 944 571 713 46 492 608 63.1
0.7 972 673 942 645 494 490 519 371 953 676 925 808 463 959 68.6 779 54 59.7 705 669
0.6 973 654 945 678 513 440 485 360 957 719 925 844 525 969 853 812 49 679 747 69.1
05 973 654 945 68.1 493 428 486 363 957 722 925 847 527 97.0 875 816 3.0 68.6 751 69.1
04 973 654 945 68.1 493 428 486 363 957 722 925 847 527 970 875 816 13 68.6 751 69.0
03 973 654 945 68.1 493 428 486 363 957 722 925 847 527 970 875 816 04 68.6 751 69.0

Table 6.8: Per-class IoU and mean (mloU) obtained using different values of r for class-
wise confidence threshold selection in the second round (R=1) of pseudolabel-
ing. We observe that r = 0.6 gives the best results.

Class-wise IoU for ablation studies reported in Sec. 6.4.3.

In Table 6.9 we report the per-class IoU obtained from deterministic and stochastic
translation (mlIoU results only are reported in Table 6.1). In Table 6.10 we report
the per-class IoU obtained from multiple rounds R of pseudo-labeling and training
(mloU only results are provided in Table 6.3). Multiple rounds of pseudolabeling

and training yield improved performance.

6.6.2 Qualitative results

Diverse translation obtained using stochastic translation.

Fig. 6.5 shows diverse translations of images from the SYNTHIA source dataset to
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§‘" = ° 5 .5 <2 13) >
> ) 5 IS g ] & S 9 g S & & . 5§ £ =
: 5 & g ER .
Model Sv ;5 S E “E’Q Qs. = 50 £ N ;:) g ’? lﬂ? £ < ‘5 EQ ‘&79 mloU
ADVENT 899 365 816 292 252 285 323 224 839 340 77.1 574 279 837 294 39.1 15 284 233 438
ADVENT* 872 385 782 259 246 304 363 217 840 287 767 60.1 288 80.0 280 452 0.7 197 199 429

ADVENT *+
CycleGAN* 919 51.5 83.1 30.8 23.6 320 32.1 243 838 385 823 587 285 84.1 333 359 06 21.7 200 451

Ours 90.2 37.6 84.1 33.0 251 30.1 368 284 838 36.1 822 581 29.6 84.6 344 454 1.0 262 308 462
Ours W/ Leery, 92.1 49.9 835 29.1 247 303 383 272 848 344 81.1 604 281 852 330 457 25 238 304 46.6

Table 6.9: GTA to Cityscapes UDA using stochastic translation: We train ADVENT us-
ing synthetic images obtained from deterministic translation (CycleGAN) and
stochastic translation (Ours). We observe a clear improvement thanks to pixel-
space alignment based on stochastic translation. * denotes our retrained models.

= § o
g & g s 8 o
FS o g -5 5 S 2
T & I 5 § v 5 s & g s & T . 5 £ S
Model Ev 5" 5 E v&’c 5 £ §° £ §' 9 é? ,:S’ g g 5 & ’50 "§ mloU
source (R=0) 90.5 394 82.0 290 214 236 286 178 839 382 79.8 569 26.0 851 322 441 38 315 30.1 444
344 81.1 604 28.1 852 33.0 457 25 238 304 466

target, 6> =1 (R=0) 92.1 49.9 835 29.1 247 303 383 272 848
target, 6> = 10 (R=0) 909 43.0 834 306 293 306 341 27.1 844 362 799 60.6 29.5 845 325 403 3.1 292 264 46.1
Ens (R=0) 92.1 478 843 365 279 315 366 245 854 412 816 614 30.1 863 376 473 13 287 327 482
source (R=1) 92.1 484 843 364 295 305 359 265 854 429 821 598 29.6 855 382 529 34 327 373 491
target, 0> = 1 (R=1) 92.1 47.5 851 383 294 329 354 321 859 468 817 60.5 304 866 357 511 44 349 410 50.1
target, 62 =10 (R=1) 92.9 552 851 381 30.6 328 39.8 348 859 422 840 59.0 26.1 854 479 463 10.1 284 428 50.9
Ens (R=1) 930 533 858 412 33.1 334 39.1 297 86.4 454 845 60.0 293 869 458 577 27 346 458 520
source (R=2) 923 482 851 407 343 298 385 282 865 46.7 833 609 302 869 413 531 104 384 405 513
target, 0> =1 (R=2) 933 565 859 41.0 33.1 348 438 438 866 465 825 61.1 304 870 397 50.7 88 349 468 53.0
target, 0> = 10 (R=2) 934 563 856 40.6 335 359 435 41.1 857 438 841 60.6 292 872 442 537 137 338 392 528
Ens (R=2) 934 558 864 444 36.1 346 450 398 869 48.0 844 61.7 309 877 449 559 11.1 384 454 543

Table 6.10: Ablation study on GTA—Cityscapes. Averaging the predictions (Ens) of a
source network Fj, and two target networks F; trained with different degrees of
stochasticity (62) in the translation allows to obtain robust pseudo-labels, while
using multiple rounds R of pseudo-labeling and training improves the overall

performance.

the Cityscapes target dataset. Fig. 6.6 and Fig. 6.7 show diverse translations of im-
ages from the Cityscapes target dataset to the SYNTHIA and GTA source datasets
respectively. We observe that stochastic translation generates diverse samples that
capture more faithfully the data distribution of the source domain and preserve the

content of the original image allowing us to obtain more robust pseudolabels for the

target data.

Stochastic versus deterministic translation.

Fig. 6.8 shows stochastic and deterministic translation of images from the GTA
source dataset to the Cityscapes target dataset while Fig. 6.9 shows stochastic
and deterministic translation of images from the SYNTHIA source dataset to the
Cityscapes target dataset. Fig. 6.10 shows stochastic and deterministic translation of

images from the Cityscapes target dataset to the GTA source dataset while Fig. 6.11
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Figure 6.5: Diverse translations of images from the SYNTHIA source dataset to the
Cityscapes target dataset: we observe that even though the content and pixel
semantics stay intact, we generate diverse variants of the same scene, effec-
tively capturing more faithfully the data distribution in the target domain.

Figure 6.6: Diverse translations of images from the Cityscapes target dataset to the SYN-
THIA source dataset: we observe that even though the content and pixel se-
mantics stay intact, we generate diverse variants of the same scene, effectively
capturing more faithfully the data distribution of the source domain. This al-
lows us to generate more robust pseudolabels.

shows stochastic and deterministic translation of images from the Cityscapes tar-

get dataset to the SYNTHIA source dataset. We observe that stochastic translation
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Figure 6.7: Diverse translations of images from the Cityscapes target dataset to the GTA
source dataset: we observe that even though the content and pixel semantics
stay intact, we generate diverse variants of the same scene, effectively capturing
more faithfully the data distribution of the source domain. This allows us to
generate more robust pseudolabels.

generates sharp samples of noticeable diversity compared to the deterministic trans-

lation that generates a single output.

Source Y Deterministic translation
Stochastic translation

Figure 6.8: Stochastic and deterministic translation of images from the GTA source dataset
to the Cityscapes target dataset.

Multiple rounds of pseudolabeling.
Fig. 6.12 shows the pseudo-labels obtained from the first (R=0) and second (R=1)

round of pseudolabeling. We observe that the pseudolabels we obtained in the sec-
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A . s .
Source Stochastic translation Deterministic translation

Figure 6.9: Stochastic and deterministic translation of images from the SYNTHIA source
dataset to the Cityscapes target dataset.

Source Stochastic translation Deterministic translation

Figure 6.10: Stochastic and deterministic translation of images from the Cityscapes target
dataset to the GTA source dataset.

ond round are more accurate allowing us to train more accurate models in the last
round of training.

Robust pseudolabeling through ensembling.

Fig. 6.13 shows the pseudo-labels obtained by averaging the predictions of two
target networks F; 5o, F, 52_o and a one source network Fj. Averaging the pre-
dictions allows us to generate more accurate pseudolabels.

Ensembling for improved segmentation performance.

Fig. 6.14 shows the predictions obtained by averaging the predictions of two target
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Source Stochastic translation Deterministic Translation

Figure 6.11: Stochastic and deterministic translation of images from the Cityscapes target
dataset to the SYNTHIA source dataset.

networks F; 52, F; 520 and a one source network F;. Averaging the predictions
allows us to further improve performance by better distinguishing similar structures
(e.g., road, sidewalk) and identifying small objects.

Qualitative comparison of the segmentation results.

Fig. 6.15 shows results segmentation results obtained by our method and DPL[7].

Our method generates better predictions that are closer to the ground-truth.
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Ground Truth

Figure 6.12: Visualization of pseudolabels obtained from the first (R=0) and second (R=1)
round. Pseudolabels obtained in the second round are more accurate allowing
us to train more robust models in the last round of training.

Ground Truth Froz=q Feg2-19 Average prediction

Figure 6.13: Visualization of pseudolabels obtained by averaging the predictions of two
target networks F, 52—, F, 52— and a one source network F;. Averaging the
predictions allows us to generate more accurate pseudolabels.
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Average prediction

Ground Truth Fiot=10

Figure 6.14: Visualization of results obtained by averaging the predictions of two target
networks F; 52—, F; 521 and a one source network Fy. Averaging the pre-
dictions allows us to further improve performance by better distinguishing
similar structures (e.g., road, sidewalk) and identifying small objects.

Ground Truth Ours DPL

Figure 6.15: Qualitative comparison of our method with DPL[7]. Our method generates
better predictions that are closer to the ground-truth.



Chapter 7

Conclusions

The main objective of the thesis was the development of methods that address the
scarcity of carefully annotated data required to train accurate deep learning models.
We focused on VERDICT MRI, an advanced imaging modality and we exploited
labeled DW-MRI data from mp-MRI to train deep learning models that generalize
well on VERDICT MRI. To this end, we proposed a semi-supervised and an unsu-
pervised domain adaptation approach for prostate lesion segmentation. We further
extended our approach for unsupervised domain adaptation in semantic segmenta-
tion of natural images. In Sec. 7.1 we provide a summary of our contributions and

in Sec. 7.2 we discuss future directions.

7.1 Summary of contributions

Model-free prostate lesion characterization on VERDICT MRI

In Chapter 3, we investigated the potential of model-free prostate lesion classifica-
tion on the raw VERDICT MRI data using FCNs. We also examined whether the
raw VERDICT MRI data allows for better classification of prostate lesions com-
pared to the raw DW data and the ADC map from the mp-MRI acquisition. Our
results indicate that 1) FCNs trained on VERDICT MRI achieve good performance
in differentiating between malignant and benign lesions and ii) FCNs trained and
evaluated on VERDICT MRI perform better than FCNs trained and evaluated on
the raw DW data and the ADC from mp-MRI acquisitions.
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Semi-supervised domain adaptation for lesion segmentation

In Chapter 4, we proposed a semi-supervised domain adaptation approach for lesion
segmentation. Our approach relies on stochastic generative modelling to translate
across two heterogeneous domains at pixel-space and exploits the inherent uncer-
tainty in the cross-domain mapping to generate multiple outputs conditioned on a
single input. In addition, we enforce semantic consistency between the real and
synthetic images by exploiting both source-domain and target-domain lesion seg-
mentation supervision to train target-domain networks operating on the synthetic
images. This results in training networks that can generate diverse outputs while at
the same time preserving critical structures. We further accommodate the statistical
discrepancies between real and synthetic data by introducing residual adapters in the
segmentation network. These capture domain-specific properties and allow the seg-
mentation network to generalize better across the two domains. When compared to
its deterministic counterparts, our approach yields substantial improvements across
a broad range of dataset sizes, increasingly strong baselines, and evaluation metrics
without increasing computational complexity. Specifically, our method requires the
same computational resources as its deterministic counterparts during training. Dur-
ing test time only the segmentation network is used to provide the predictions for a

given test image.

Unsupervised domain adaptation for lesion segmentation

In Chapter 5, we proposed an unsupervised domain adaptation approach for le-
sion segmentation. As in Chapter 4, we rely on stochastic generative modelling to
translate across two heterogeneous domains at pixel-space and introduce two new
loss functions that promote semantic consistency. Firstly, we introduce a semantic
cycle-consistency loss in the source domain to ensure that the translation preserves
the semantics. Secondly, we introduce a pseudo-labelling loss, where we translate
target data to source, label them using a source-domain network, and use the gener-
ated pseudo-labels to supervise the target-domain network. When compared to sev-
eral unsupervised domain adaptation approaches, our approach yields substantial

improvements, that consistently carry over to the semi-supervised and supervised
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learning settings.

Unsupervised domain adaptation for segmentation of urban

scenes

In Chapter 6, we proposed an unsupervised domain adaptation approach for se-
mantic segmentation of urban scenes. As in Chapter 4, 5, we rely on stochastic
generative modelling to capture inherent translation ambiguities. This allows us to
(1) train more accurate target networks by generating multiple outputs conditioned
on the same source image, leveraging both accurate translation and data augmenta-
tion for appearance variability, (ii) impute robust pseudo-labels for the target data
by averaging the predictions of a source network on multiple translated versions
of a single target image and (iii) train and ensemble diverse networks in the target
domain by modulating the degree of stochasticity in the translations. We report im-
provements over strong recent baselines, leading to state-of-the-art UDA results on

two challenging semantic segmentation benchmarks.

7.2 Future work

Biopsy-based or prostatectomy-based ground-truth. In the present work, we
rely on labels corresponding to PI-RADS scores. However, it would be very
valuable from a clinical perspective to train and evaluate the performance of the
proposed approaches on biopsy-based or prostatectomy-based ground-truth. Cur-
rently, the clinical problem lies in accurately differentiating between clinically
significant and non-clinically significant prostate cancer in-vivo. Recent stud-
ies [92, 95, 133, 134, 135, 136, 94] focus on the development of deep learning
methods for discriminating between clinically significant and non-clinically sig-
nificant cancer on mp-MRI. In these studies biopsy-based or prostatectomy-based
annotations serve as ground truth and the results indicate that deep learning mod-
els can achieve high diagnostic accuracy. Future work should focus on obtaining
biopsy-based ground-truth for pairs of VERDICT MRI and DW data from mp-MRI
acquisitions. This would allow to examine more thoroughly whether FCNs trained

on VERDICT MRI can better discriminate between clinically significant and non-
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clinically significant cancer than models trained on standard DW data from mp-MRI
acquisitions. In addition, it would be interesting to evaluate the performance of the
proposed methods on both lesion segmentation and Gleason grading. Methods that
provide accurate Gleason grade classification could eliminate biopsies and play an
important role in clinical practice.

Using stochastic translation in other medical image analysis application.
Scarcity of high-quality annotated data and mismatch between the development
dataset and the target environment is a major challenge in machine learning for
medical imaging. To address this challenge, several domain adaptation methods
have been recently proposed. In addition, several datasets have become publicly
available, facilitating the evaluation of domain adaptation methods in different med-
ical image analysis applications. For instance, there are publicly available datasets
for cross-modality adaptation between MRI and CT images for cardiac substruc-
ture segmentation and abdominal multi-organ segmentation. In addition, a re-
cent cross-modality domain adaptation challenge (CrossModa) focuses on cross-
modality adaptation between contrast-enhanced T1 (ceT1) MRI and high-resolution
T2 (hrT2) MRI for segmenting brain structures. Future work could focus on extend-
ing and evaluating the methods proposed in this thesis using the aforementioned

publicly available medical imaging dataset.
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