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Abstract
Prostate cancer is the second most prevalent cancer in men worldwide. Magnetic Resonance Imaging (MRI) is widely used for prostate cancer diagnosis
and guiding biopsy procedures due to its ability in providing superior contrast
between cancer and adjacent soft tissue. Appropriate clinical management of
prostate cancer critically depends on meticulous detection and characterization of the disease and precise biopsy procedures if necessary.
The goal of this thesis is to develop computational methods to aid radiologists in diagnosing prostate cancer in MRI and planning necessary
interventions. To this end, we have developed novel methods for assessing
probability of clinically significant prostate cancer in MRI, localizing biopsy
needles in MRI, and providing segmentation of structures such as the prostate
gland. The proposed methods in this thesis are based on supervised machine
learning techniques, in particular deep convolutional neural networks (CNNs).
We have also developed methodology that is necessary in order for such deep
networks to eventually be useful in clinical decision-making workflows; this
spans the areas of domain adaptation, confidence calibration, and uncertainty
estimation for CNNs. We used domain adaptation to transfer the knowledge
of lesion segmentation learned from MRI images obtained using one set of
acquisition parameters to another. We also studied predictive uncertainty in
the context of medical image segmentation to provide model confidence (i.e
expectation of success) at inference time. We further proposed parameter
ensembling by perturbation for calibration of neural networks.
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Lay Summary
Prostate cancer is the first most diagnosed cancer in North American men
and the second most common cancer in men worldwide. Early detection
of prostate cancer increases the chances of long-term survival. Magnetic
Resonance Imaging (MRI) can aid doctors in better screenings of prostate
cancer. However, prostate cancer screening with MRI is not 100% accurate
and often leads to missing high-risk patients and unnecessary aggressive
treatment for low-risk patients. The purpose of this thesis is to develop
reliable computational methods to aid physicians for better diagnosis and
treatment of prostate cancer patients.
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Chapter 1

Introduction
1.1

Clinical Background

The prostate is a walnut-shaped gland that is part of the male reproductive
system (Figure 1.1). It is located in the pelvis at the base of the urinary
bladder and surrounds the urethra. The prostate produces the seminal fluid
that combines with sperm from the testes. The alkaline nature of the prostatic
fluid helps in reducing the acidity of the vaginal environment which could
extend the lifespan of sperm. The prostate is composed of both globular and
fibromuscular tissues are enclosed in a surface termed the prostatic capsule
or prostatic fascia [171]. Along the urethra, from superior to inferior, the
prostate is composed of three primary regions, the base (below the bladder),
the midgland, and the apex (inferior part in the vicinity of the urogenital
diaphragm). Histologically, the prostate is divided into four primary zones:
anterior fibromuscular stroma (AS), the transition zone (TZ), the central zone
(CZ), and the peripheral zone (PZ). AS contains no glandular tissue. CZ and
TZ surround the ejaculatory ducts and the proximal urethra, respectively.
TZ, CZ, and PZ contain about 5%, 20%, and 70 − 80% of the glandular
tissue, respectively [183].
Prostate cancer is the second most frequently diagnosed cancer in men
and the fifth leading cause of cancer mortality worldwide [144]. In the United
States, it is the most frequently diagnosed, noncutaneous male malignancy
and the second leading cause of cancer-related mortality among men in the
United States [165]. Statistics of prostate cancer frequency, morbidity, and
mortality can be examined in many different ways. It is a very common
cancer, as it is a “tumor of aging," but it has a very low disease-specific
Parts of Sections 1.1, 1.2, and 1.3 are adapted from Wenya Linda Bi, Ahmed Hosny,
Matthew B. Schabath, Maryellen L. Giger, Nicolai J. Birkbak, Alireza Mehrtash, Tavis
Allison, Omar Arnaout, Christopher Abbosh, Ian F. Dunn, Raymond H. Mak, Rulla M.
Tamimi, Clare M. Tempany, Charles Swanton, Udo Hoffmann, Lawrence H. Schwartz,
Robert J. Gillies, Raymond Y. Huang, Hugo J. W. L. Aerts. Artificial intelligence in cancer
imaging: clinical challenges and applications. CA: A Cancer Journal for Clinicians. Wiley
Periodicals, Inc. on behalf of American Cancer Society 2019.
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Figure 1.1: Prostate anatomy [53].
mortality, all of which reinforce its characterization as a complex public
health concern that impacts a large population. Although prostate cancer
is a serious disease, most men diagnosed with prostate cancer do not die
of it [56]. The key clinical problems in prostate cancer diagnosis today
include 1) overdiagnosis and overtreatment resulting from an inability to
predict the aggressiveness and risk of a given cancer; and 2) inadequate
targeted biopsy sampling, leading to misdiagnosis and to disease progression
in men with seemingly low-risk prostate cancer. In a meta-analysis [111], the
reported rate of overdiagnosis of nonclinically significant prostate cancer was
as high as 67%, leading to unnecessary treatment and associated morbidity.
Because of this range of clinical behavior, it is necessary to differentiate men
who have clinically significant tumors (those with a biopsy Gleason score 7
or higher and/or tumor volume > 0.5 ml) [195] as candidates for therapy
from those who have clinically insignificant tumors and can safely undergo
active surveillance. It has been noted that potential survival benefits from
aggressively treating early-stage prostate cancer are undermined by harm
from the unnecessary treatment of indolent disease.
The current screening procedures for prostate cancer include a digital
rectal examination (DRE) and the prostate-specific antigen (PSA) blood
test (which has recently been downgraded because of high false positive
rates). DRE can only detect late-stage prostate cancer in the PZ. Hence
it lacks the required sensitivity for early-stage cancer and cancer in other
zones. PSA elevated levels often indicate the presence of prostate cancer.
On the other hand, patients with prostatitis or benign prostatic hyperplasia
can also have higher than normal PSA levels. Hence, while PSA screening
2
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is a sensitive diagnostic test, it lacks the required specificity. An abnormal
screening indicates the possibility of prostate cancer, and random systematic
(sextant) biopsies of the entire organ are performed on the patient under
the guidance of transrectal ultrasound (TRUS). These biopsies randomly
sample a very small part of the gland and the results sometimes miss the
most aggressive tumor within the gland [36, 58, 155].

1.2

Magnetic Resonance Imaging for Prostate
Cancer

Multi-parametric Magnetic Resonance Imaging (mpMRI) provides the required soft tissue contrast for detection and localization of suspicious clinically
significant prostate lesions and gives information about tissue anatomy, function, and characteristics (Figure 1.2). Importantly, it has superior capabilities
to detect the “clinically significant disease.” Recent years have seen a growth
in the volume of mpMRI examination of prostate cancer due to its ability to
detect these lesions and allow targeted biopsy sampling. A large population
study from the UK suggested that use of mpMRI as a triage before primary
biopsy can reduce the number of unnecessary biopsies by a quarter and
decrease overdiagnosis of clinically insignificant disease [4]. This was further
validated in the and on smaller data sets than would be optimal. In the
multinational PRECISION study of 500 patients [81], men randomized to
mpMRI prior to biopsy experienced a significant increase in the detection of
clinically significant disease over the current standard of care, which employs
a 10-12 core transrectal ultrasound-guided biopsy (38% vs 26%).
MRI has demonstrated value in not just detecting and characterizing
clinically significant prostate cancer, but also in guiding biopsy needles to the
suspicious targets [4]. MRI has been incorporated into the biopsy procedure
in two different ways. The first is MR/ultrasound fusion biopsy in which
targets for biopsy are identified in diagnostic mpMRI, displayed in the TRUS
image (using MR/Ultrasound fusion) during a routine sextant biopsy, and
additionally sampled. The second is in-bore biopsy that is performed inside
the bore of an MR scanner; the diagnostic mpMRI with marked targets is
overlaid on a rapid acquisition intra-operative MR image (using MR/MR
fusion) and targeted sampling is performed by the internationalist. A study of
over 1000 men undergoing biopsy for suspected prostate cancer [164] showed
targeted MR/ultrasound fusion biopsy, compared with standard extendedsextant TRUS biopsy, was associated with increased detection of high-risk
prostate cancer and decreased detection of low-risk prostate cancer. Smaller
3
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Figure 1.2: Multiparametric MRI of a patient with clinically significant
prostate cancer. Arrows mark the lesion location. (a) Axial T2-weighted
MR. (b) computed high–b value (1400 sec/mm2 ) diffusion-weighted MR.
(c) ADC map (d) K T rans parametric map from dynamic contrast enhanced
T1-weighted MRI.
studies for in-bore biopsies have reported requiring significantly fewer cores
and revealed a significantly higher percentage of cancer involvement per
biopsy core [136, 139, 187, 196].

1.3

Machine Learning in Prostate Cancer Imaging

The growing trend towards mpMRI has introduced a demand for experienced
radiologists to interpret the exploding volumes of oncological prostate MRIs.
Furthermore, reading challenging cases and reducing the high rate of interobserver disagreements on findings is a remaining challenge for prostate MRI.
In 2015, the European Society of Urogenital Radiology, American College
of Radiology, and AdmeTech foundation published the second version of
Prostate Imaging Reporting and Data system (PI-RADS). These provide
guidelines for radiologists in reading and interpreting the prostate mpMRI,
which aim to increase the consistency of interpretation and communication
of mpMRI findings. Over the past ten years, machine learning models have
been developed as Computer-aided detection (CADe) and Computer-aided diagnosis (CADx) systems to detect, localize, and characterize prostate tumors
[109]. In conjunction with PI-RADS, accurate CAD systems can increase the
inter-rater reliability and improve the diagnostic accuracy of mpMRI reading
and interpretation [48]. In preliminary analyses, it has been shown that the
addition of a CADx system can improve the performance of radiologists in
prostate cancer interpretation.
The clinical motivation of this thesis is to aid radiologists in the detection
and classification of prostate cancer. While clinically prostate cancer has
4
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swung between extremes of under- and over- diagnosis and treatment, the
underlying computer vision questions have remained unchanged; are there
distinct patterns in MRI images of patients suspected of prostate cancer that
can be automatically detected to help detect and biopsy the cancer? will a
pattern recognition method developed for one set of MRI images work when
the acquisition protocol or scanner is upgraded? Is this addressable with
available technology or are methodological improvements needed? Based on
these questions we developed objectives for this thesis which are described in
the next section.
Computational methods mostly based on supervised machine learning have
been successfully applied to imaging modalities such as MRI and ultrasound
to detect suspicious lesions and differentiate clinically significant cancers from
the rest. Recent application of deep learning in prostate cancer screening and
aggressive cancer diagnosis has produced promising results. Preliminary work
in mpMRI CADx systems focused primarily on classic supervised machine
learning methodologies, including combinations of feature extractors and
shallow classifiers. In this category of machine leanring systems, feature
engineering plays a central role in the overall performance of the CAD
system. Combinations of CADe and CADx systems have been reported that
use intensity, anatomical, Pharmacokinetics (PK), texture, and blobness
features [106]. PK metrics can be extracted from a time signal analysis of
intravenous contrast passing through a given volume of tissue. They include
parameters such as wash-in and wash-out. Texture features are also signal
based and depend heavily on imaging techniques. Others used intensity
features calculated from mpMRI sequences, including T2-weighted, ADC,
high b-value DWI, and a T2 estimation map by proton density image[106],
or only using features extracted from PK analysis and DTI parameter maps
[125]. Similar image-based features were included into CAD systems [19, 49,
129, 161] and many of these systems use support vector machines (SVMs)
for classification [21, 94, 125, 188].
In the past few years, advancements in Deep Learning (DL) have dominated the field of computer-assisted PCa detection using mpMRI or ultrasound
information, as individual modalities [192]. Most of the research has utilized
Convolutional Neural Networks (CNN) and various optimization strategies for
achieving state-of-the-art performance in PCa detection. Several groups have
taken advantage of the multi-sequence nature of the mpMRI data by stacking
each modality as input channels similar to RGB images [22, 110], and integrating their information early in the training. Kiraly et al. [87] used Fully
Convolutional Networks (FCN) for localization and classification of prostate
lesions and achieved Area Under the Curve (AUC) of 0.83 by training on 202
5
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patients. Schelb et al. [154] proposed a U-Net architecture on bi-parametric
prostate MRI (T2-Weighted and ADC), and achieved performance similar to
that of Prostate Imaging Reporting and and Data System (PI-RADS), the
clinical standard of mpMRI scoring [183]. In another recent study, Sedghi et
al. [159] demonstrated the potential of integration of multimodal information
from MRI and temporal ultrasound to improve prostate cancer detection.
By using Fully Convolutional Neural Networks (FCNs) as the architecture
of choice, they created cancer probability maps in the entire imaging planes
immediately
The results of the ongoing research in the use of machine learning for the
detection and characterization of prostate cancer are promising and demonstrate ongoing improvement. The recent body of research in prostate cancer
image analysis shows a transition from feature engineering and classic machine
learning methods towards deep learning and the use of large training sets.
Unlike lung and breast cancers, clinical routines in prostate cancer have not
yet adopted regulated CAD systems. However, the recently achieved results
of deep learning techniques on mid-size datasets such as the PROSTATEx
benchmark are promising. As it is now evident there has been a rapid growth
in prostate MR exam volumes worldwide and increasing demand for accurate
interpretations. Accurate CAD systems will improve the diagnostic accuracy
of prostate MRI readings which will result in better care for individual patients, as fewer patients with benign and indolent tumors (false positives)
will need to undergo invasive biopsy and/or radical prostatectomy procedures
which can lower their quality of life. On the other hand, early detection
of prostate cancer improves the prognosis of patients with clinically significant prostate cancer. Computer-assisted detection and diagnosis systems of
prostate cancer help clinicians by potentially reducing the chances of either
missing or overdiagnosing suspicious targets on diagnostic MRIs, although
this merits additional validation in trials before routine clinical incorporation.

1.4

Objectives

The main objective of this thesis is to develop reliable machine learning models
and algorithms that can improve MRI-guided prostate cancer diagnosis and
interventions. We start by building solutions and applications to facilitate
prostate cancer diagnosis and interventions. We investigate the problem of
distinguishing the normal gland from cancer using mpMRI images of the
prostate. We study methods for localizing biopsy needle tip and trajectory
in MRI scans obtained for MRI-guided prostate biopsy.
6
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We then address common challenges regarding data in real clinical setups.
We propose approaches to improve our diagnosis system by recognizing that
uncertainty in biopsy location is an issue. This led us to model the error and
use probabilistic inference to accommodate this error. We develop transfer
learning methodologies to address the domain shift problem.
Furthermore, we study the problem of prostate segmentation in the
context of weakly-supervised learning and uncertainty estimation. Prostate
segmentation in MRI is an important preprocessing step for several tasks
such as automated fusion of imaging data for targeted biopsy (guided by
MRI alone or by MRI-ultrasound fusion), quantification of PSA density in
assessing treatment response, and dose planning in radiotherapy. We propose
a methodology for weakly-supervised segmentation with partially annotated
ground truth. We further investigate methods to improve the calibration of
deep segmenters through ensembling.
Finally, we propose a novel methodology for ensembling based on parameter perturbation.

1.5

Contributions

This thesis is an attempt to develop techniques that are essential for MRIguided prostate cancer diagnosis and interventions. In the course of achieving
this objective the following contributions were made:
• Developing a novel deep neural network for diagnosing clinically significant prostate cancer in mpMRI. The method uses diffusion and
dynamic contrast images together with information about the location
of the suspicious target to predict the probability of clinically significant
cancer.
• Developing a novel probabilistic framework to model the uncertainty
regarding the location of the biopsy samples. Also, developing a novel
Gaussian weighted loss function as a form of data augmentation (label
imputation) to train FCNs with sparse biopsy locations. The framework
provides posterior probabilities of latent true biopsy locations given the
image, model, observed biopsy location, and the biopsy outcome.
• Developing novel method for fast automatic needle tip and trajectory
localization and visualization in MRI for prostate biopsies. The proposed method has a performance comparable with human inter-observer
concordance, reinforcing the clinical acceptability of it.
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• Developing a novel transfer learning technique for domain adaptation
of networks trained with one set of MRI acquisition parameters. This
is an essential step for deployment of machine learning models in practice where imaging parameters are changing. The proposed method
is capable of tuning the deep network to the new domain. Here, we
perform experiments on brain MRI images to assess the contributions.
Since there are no prior assumptions regarding the specific problem
of white matter hyperintensities (WMH) segmentation, we anticipate
that the proposed method can be generalized to other medical imaging problems including prostate cancer diagnosis with MRI. However,
confirmation of this requires multi-domain prostate MRI datasets and
further experimentation.
• Proposing a novel method for weakly-supervised semantic segmentation
with point and scribble supervision in FCNs. We also propose partial
Dice loss, a variant of Dice loss function for deep weakly-supervised
segmentation with sparse pixel-level annotations. Here, in addition to
prostate segmentation, we evaluate the proposed method with heart
and kidney segmentation problems.
• Developing a novel technique based on ensembling for confidence calibration and predictive uncertainty estimation for deep medical image
segmentation. Also, proposing a novel entropy-based metric to predict
the segmentation quality of foreground structures, which can be further
used to detect out-of-distribution test inputs. We evaluate our contributions across three medical image segmentation applications of the
prostate, the heart, and the brain.
• Proposing a new technique for confidence calibration uncertainty estimation of neural networks without the need for network modification
or several rounds of training. We proposed parameter ensembling by
perturbation (PEP) which prepares an ensemble of parameter values as
perturbations of the optimal parameter set from training by a Gaussian
with a single variance parameter.

1.6

Thesis Outline

The rest of this thesis is divided into six chapters as outlined below:
CHAPTER 2: PROSTATE CANCER DIAGNOSIS IN MRI
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In this chapter, we introduce novel deep learning techniques for clinically
significant prostate cancer detection and diagnosis in mpMRI. We train,
validate, and test deep CNNs on patients suspected of having prostate cancer.
We propose two different styles of CNN architectures for cancer diagnosis:
patch-based method and fully convolutional neural network (FCN). For the
patch-based method, we use 3D convolutional neural networks and fully
connected layers. For this model, in addition to image features, we also feed
location features of the suspicious to the network. Our results suggest that
for the proposed architecture, the combination of diffusion weighted MRI
(DWI) and parametric maps from dynamic contrast-enhanced (DCE) MRI
serve as the best imaging features for diagnosing prostate cancer. The second
proposed architecture, FCNs, makes it feasible to do prediction on whole
gland in a single inference. Partial cross-entropy loss is used to train FCNs on
sparse ground truth locations. Furthermore, we studied methods to address
sparsity of training data and also location uncertainty of ground truth deep
cancer classifiers. We observe that Gaussian weighted loss improves the area
under the receiver operating characteristic curve and the proposed biopsy
location adjustment substantially improves the sensitivity of the models.
CHAPTER 3: BIOPSY NEEDLE LOCALIZATION IN MRI
Image-guidance improves tissue sampling during biopsy by allowing the
physician to visualize the tip and trajectory of the biopsy needle relative
to the target in MRI, CT, ultrasound, or other relevant imagery. A system
for fast automatic needle tip and trajectory localization and visualization in
MRI was developed and tested in the context of an active clinical research
program in prostate biopsy at Brigham and Women’s hospital. Needle tip
and trajectory were annotated on 583 T2-weighted intra-procedural MRI
scans acquired after needle insertion for 71 patients who underwent transperenial MRI-targeted biopsy procedure at our institution. The images were
divided into two independent training-validation and test sets at the patient
level. A deep 3-dimensional fully convolutional neural network model was
developed, trained and deployed on these samples. The accuracy of the
proposed method, as tested on previously unseen data, was 2.80 mm average
in needle tip detection, and 0.98◦ in needle trajectory angle. An observer
study was designed in which independent annotations by a second observer,
blinded to the original observer, were compared to the output of the proposed
method. The resultant error was comparable to the measured inter-observer
concordance, reinforcing the clinical acceptability of the proposed method.
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CHAPTER 4: TRANSFER LEARNING FOR DOMAIN ADAPTATION IN
MRI
It is well known that variations in MRI acquisition protocols result in different appearances of normal and diseased tissue in the images. Convolutional
neural networks (CNNs), which have shown to be successful in many medical
image analysis tasks, are typically sensitive to the variations in imaging
protocols. Therefore, in many cases, networks trained on data acquired
with one MRI protocol, do not perform satisfactorily on data acquired with
different protocols. This limits the use of models trained with large annotated
legacy datasets on a new dataset with a different domain which is often a
recurring situation in clinical settings. In this study, we investigated the
following central questions regarding domain adaptation in medical image
analysis: Given a fitted legacy model, 1) How much data from the new
domain is required for a decent adaptation of the original network?; and, 2)
What portion of the pre-trained model parameters should be retrained given
a certain number of the new domain training samples? To address these
questions, we conducted extensive experiments in white matter hyperintensity
segmentation task. We trained a CNN on legacy MR images for a specific
task and evaluated the performance of the domain-adapted network on the
same task with images from a different domain. We then compared the
performance of the model to the surrogate scenarios where either the same
trained network is used or a new network is trained from scratch on the new
dataset. The domain-adapted network tuned only by two training examples
achieved a performance substantially outperforming a similar network trained
on the same set of examples from scratch.
CHAPTER 5: WEAKLY-SUPERVISED MEDICAL IMAGE SEGMENTATION
Fully Convolutional neural networks (FCNs) including U-Nets, have achieved
state-of-the-art results in semantic segmentation for numerous medical imaging applications. Training deep models for segmentation requires high-quality
pixel-level ground truth annotations, which is time-consuming and expensive.
Partial annotations such as points or scribbles can be used as less expensive
alternatives. In this chapter, we study weakly-supervised FCN-based segmentation methods that can be trained with only a single annotated point
or only a single annotated scribble per slice of a medical image volume. We
propose the use of a partial Dice loss function in our methods because it
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encourages higher Dice values for collections of pixels where ground truth
is known. Furthermore, we systematically compare partial Dice loss with
partial cross-entropy loss in terms of segmentation quality and demonstrate
statistically significant performance improvement. We evaluate the proposed
methods through extensive experiments in five segmentation tasks across
three medical image domains - images of the prostate, the kidney, and the
heart. Among these applications, our methods with a single point or a single
scribble supervision achieve 51%−95% and 86%−97% of the performance of
the fully supervised training, respectively.
CHAPTER 6: UNCERTAINTY ESTIMATION IN SEGMENTATION
Fully convolutional neural networks (FCNs), and in particular U-Nets, have
achieved state-of-the-art results in semantic segmentation for numerous medical imaging applications. Moreover, batch normalization and Dice loss have
been used successfully to stabilize and accelerate training. However, these
networks are poorly calibrated i.e. they tend to produce overconfident predictions for both correct and erroneous classifications, making them unreliable
and hard to interpret. In this chapter, we study predictive uncertainty estimation in FCNs for medical image segmentation. We make the following
contributions: 1) We systematically compare cross-entropy loss with Dice
loss in terms of segmentation quality and uncertainty estimation of FCNs;
2) We propose model ensembling for confidence calibration of the FCNs
trained with batch normalization and Dice loss; 3) We assess the ability of
calibrated FCNs to predict the segmentation quality of structures and detect
out-of-distribution test examples. We conduct extensive experiments across
three medical image segmentation applications of the prostate, the heart,
and the brain to evaluate our contributions. The results of this study offer
considerable insight into the predictive uncertainty estimation and out-ofdistribution detection in medical image segmentation and provide practical
recipes for confidence calibration. Moreover, we consistently demonstrate
that model ensembling improves confidence calibration.
CHAPTER 7: PEP: PARAMETER ENSEMBLING BY PERTURBATION
Ensembling is recognized as an effective approach for increasing the predictive performance and calibration of deep networks. We introduce a new
approach, Parameter Ensembling by Perturbation (PEP), that constructs
an ensemble of parameter values as random perturbations of the optimal
parameter set from training by a Gaussian with a single variance parameter.
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The variance is chosen to maximize the log-likelihood of the ensemble average
(L) on the validation data set. Empirically, and perhaps surprisingly, L has a
well-defined maximum as the variance grows from zero (which corresponds
to the baseline model). Conveniently, calibration level of predictions also
tends to grow favorably until the peak of L is reached. In most experiments,
PEP provides a small improvement in performance, and, in some cases, a
substantial improvement in empirical calibration. We show that this “PEP
effect” (the gain in log-likelihood) is related to the mean curvature of the
likelihood function and the empirical Fisher information. Experiments on
ImageNet pre-trained networks including ResNet, DenseNet, and Inception
showed improved calibration and likelihood. We further observed a mild
improvement in classification accuracy on these networks. Experiments on
classification benchmarks such as MNIST and CIFAR-10 showed improved
calibration and likelihood, as well as the relationship between the PEP effect
and overfitting; this demonstrates that PEP can be used to probe the level
of overfitting that occurred during training. In general, no special training
procedure or network architecture is needed, and in the case of pre-trained
networks, no additional training is needed.
CHAPTER 8: CONCLUSION AND FUTURE WORKS
This chapter includes a short summary followed by a discussion of the
methods for prostate cancer diagnosis and interventions. It also includes
suggestions for future works.
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Chapter 2

Prostate Cancer Diagnosis in
MRI
2.1

Introduction and Background

Prostate cancer is the most frequently diagnosed noncutaneous male malignancy and the second leading cause of cancer-related mortality among men
in the United States [165]. Magnetic resonance imaging (MRI) is widely used
for prostate cancer detection, localization, diagnosis, and guidance for biopsy
procedures due to its ability in providing superior contrast between cancer
and adjacent soft tissue [183]. Convolutional neural networks (CNNs) have
been successfully used for prostate cancer detection, localization, and characterization in medical images [192]. Machine learning models are often trained
with pathology results from biopsy procedures [7]. Training deep CNNs with
sparse labels can be addressed with both patch-based [22, 110, 156, 190] and
fully convolutional neural network (FCN) models [25, 71, 87, 88, 154]. In
patch-based training, samples with the biopsy points at their center are created and the network will act as a binary classifier. Hence, the model output
will be two neurons corresponding to the binary output. The input of FCNs is
the whole image slice containing the prostate and the output is a probability
map image with the same dimensions as the input image. FCNs can be used
to create a cancer probability map for the whole prostate. Furthermore, FCN
architectures allow efficient training and learning of contextual features and
provide a computationally efficient method to estimate cancer probability
for the whole volume. Biopsy ground truth location can become noisy due
to the registration and sampling errors during biopsy procedures. Further
noise can be introduced as a result of inter-modality image registration or in
Section 2.3 of this chapter is adapted from Alireza Mehrtash, Alirea Sedghi, Mohsen
Ghafoorian, Mehdi Taghipour, Clare M. Tempany, William M. Wells III, Tina Kapur, Parvin
Mousavi, Purang Abolmaesumib, Andrey Fedorov. Classification of clinical significance
of MRI prostate findings using 3D convolutional neural networks. Medical Imaging
2017: Computer-Aided Diagnosis. International Society for Optics and Photonics, 10134:
101342A, 2017.

13

2.1. Introduction and Background
the course of annotating biopsy locations on multiparametric MRI (mpMRI).
Noisy ground truth can have adverse effects on both training and inference
of computer-assisted diagnosis systems.
In this chapter, we study the problem of clinically significant prostate
cancer diagnosis with CNNs. We develop both patch-based and FCN models
for diagnosis. We further propose a probabilistic framework to include biopsy
location uncertainty into the inference. In summary, we make the following
contributions:
• We present a 3D CNN tailored for the task of diagnosis of clinically significant prostate cancer of suspicious findings in mpMRI. The proposed
network benefits from the explicit addition of location-aware features
(zonal information of the finding).
• We propose an FCN for end-to-end diagnosis and segmentation of
clinically significant cancer tissues. To do so we present a Gaussian
weighted loss as a label imputation mechanism for training FCNs with
sparse biopsy data. We compare the proposed loss function with partial
cross-entropy (CE) [27, 159, 177] where biopsy locations are used for
loss calculation in optimization. We observe that FCNs trained with
the proposed loss function perform achieves better classification results
compared to those trained partial CE loss.
• We propose a probabilistic framework for modeling ground truth location uncertainty. By using priors on observed biopsy locations we
calculate the probability of the true latent biopsy locations. Using
the posterior biopsy location probability distributions, we adjust the
biopsy location for nearby positive findings (lesions). We observe that
compared to baselines, updated biopsy location improves sensitivity
significantly through detecting lesions where the biopsy location was
displaced.
• We train and validate our proposed methods on PROSTATEx dataset
[7, 106].
The rest of this chapter is organized as follows: in Section 2.2, we describe
the PROSTATEx dataset that was used for this study. Section 2.3 presents
the proposed 3D patch-based CNN model for cancer diagnosis. Section
2.4 covers the proposed FCN model and the probabilistic framework for
clinically significant cancer segmentation and diagnosis. Section 3.5 presents
a discussion and our conclusions from this chapter.
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Figure 2.1: Distribution of training and test datasets of the PROSTATEx
challenge. (a) Training samples: the distribution of lesion findings shows
that the training dataset is not balanced in terms of both zonal distribution
and the clinical significance of the finding. (b) Test samples are not balanced
in terms of zones.

2.2

Data

The training dataset consisted of 204 patients with 330 suspicious lesion
findings, and the test dataset consisted of 140 patients with 208 findings.
For each of the findings, assignment to one out of a possible four prostate
anatomic regions was available. These anatomic regions are: the peripheral
zone (PZ), which comprises 70 − 80% of the glandular tissue and accounts for
≈ 70% of prostate cancers; the transition zone (TZ), which comprises 5% of
the glandular tissue and accounts for ≈ 25% of prostate cancers; the central
zone (CZ), which comprises 20% of the glandular tissue and accounts for ≈ 5%
of prostate cancers; and the non-glandular anterior fibromuscular stroma
(AS) [109]. The training and test samples in the PROSTATEx challenge were
from PZ, TZ, AS, and seminal vesicles (SV) as illustrated in Figure 2.1.

2.3
2.3.1

Patch-based Cancer Classifier
Preprocessing

After minor data cleaning that consisted of excluding patients with incomplete
series and also SV findings, we selected 201 subjects with 321 findings for
training and validation purposes. In order to augment and balance the
training dataset, we used flipping and translation of the original data. As a
result of data augmentation, we generated 5-fold cross-validation datasets
with 10,000 training and 2,000 validation samples for each fold. For training15
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validation splitting, we used stratified sampling based on pathology outcome
and the prostate zone to make the subgroups homogeneous. Image intensities
were normalized to be within the range of [0,1]. 3D patches of size 40×40×40
mm for T2, 32 × 32 × 12 for DWI and DCE-MRI images, centered at finding
locations served as training image patches.

2.3.2

Network Architecture

Our CNN architecture, illustrated in Figure 2.2, included three input streams:
ADC maps and maximum b-value from DWI, and K trans from DCE-MRI.
Similar to the work of Ghafoorian et al. [45], we added explicit zone information to the first dense layer. The DCE-MRI and DWI streams with input
sizes of (32 × 32 × 12) had 9 convolutional layers combining of (3 × 3 × 1)
and (3 × 3 × 3) filter sizes. Max-pooling layers of size 2 × 2 × 1 were applied
in selected middle layers. At the end of each stream, the output of the last
convolutional layer was connected to a dense layer. The neurons of this layer
were concatenated with the zonal information of the finding and applied to
another set of three fully connected layers. Leaky rectified linear unit [114]
function, which allows a small, non-zero gradient when the unit is not active,
was used as the non-linearity element.

2.3.3

Training

For training the network, we used the stochastic gradient descent algorithm
with the Adam update rule [86], a mini-batch size of 64, and a binary crossentropy loss function. We initialized the CNN weights randomly from a
Gaussian distribution using the He method [59]. We also batch-normalized
[70] the intermediate responses of all layers to accelerate the convergence. To
prevent overfitting, in addition to the batch-normalization, we used drop-out
with 0.25 probability as well as L2 regularization with λ2 = 0.005 penalty on
neuron weights. We used an early stopping policy by monitoring validation
performance and picked the best model with the highest accuracy on the
validation set. Cross-validation was used to find the best combination of
input channels and the number of filters for convolutional layers.
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Figure 2.2: Architecture of the proposed 3D CNN for the PROSTATEx Challenge for detection of clinically
significant cancer. The network uses a combination of ADC map, maximum B-Value (BVAL) from DWI, and
K trans from DCE-MRI with zone information.
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Figure 2.3: Comparison of classifiers trained with architecture in Figure 2.2
on different folds of cross-validation.

2.3.4

Results

Our training-validation results indicate that the combination of ADC, maximum b-Value, and K trans modalities in combination with zonal information
of the lesion leads to the best performance characterized by the area under
the curve (Az ) of the receiver operating characteristic (ROC) curve. Figure
2.3 shows the results of training on different folds of our cross-validation. For
test data prediction we combined the prediction of the best 4 out of the 5
models by averaging the outputs of the models. Figure 2.4 shows an example
of a true positive finding in the validation set.
This network was evaluated by the organizers of the PROSTATEx challenge on a held-out test set containing 206 findings from 140 patients and
achieved and area under the curve (AUC) of receiver operating characteristic
curve (ROC) of 0.80. This is within the range of our validation results,
indicating that the proposed model generalized well on the test data. Our
results are also comparable with the Az values of 0.79 and 0.83 achieved by
an experienced human reader for PI-RADS v1 and PI-RADS v2, respectively
[80]. The proposed method ranked 6th out of 72 entries in the challenge [7].
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(a)

(b)

(c)

(d)

(e)

(f)

Figure 2.4: An example of a PZ true positive in the validation set. Only
(d-f) modalities with zone information (zone=PZ) were used by the network
to predict the clinical significance of the finding.

2.4

FCN Classifier and Uncertainty in Biopsy
Location

Here, we consider MRI-guided cancer diagnosis with sparse biopsy ground
truth as a weakly-supervised binary classification problem. The input images
Ii ∈ Rn are n-dimensional. Sparse labels zi ∈ {0, 1} are reported biopsy
results where 0 corresponds to benign or clinically insignificant cancer (Gleason score ≤ 3+3) and 1 corresponds to clinically significant cancer (Gleason
score ≥ 3+4). Each biopsy label comes with a reported (observed) biopsy
coordinate xoi ∈ R3 that can be noisy. Figure 2.5 visually illustrates the
problem and the proposed method.

2.4.1

Gaussian Weighted Loss

Deep neural networks are often optimized using maximum likelihood estimation:
X
θ̂ = argmax
ln(p(zi |Ii , xoi , θ))
(2.1)
θ

i

In this problem the labeled data is sparse. Partial CE loss [27, 177] can be
used to train an FCN with partially labeled data. We can consider labeling
the adjacent pixels having the same label as the reported biopsy points.
Label imputation can be done around the biopsy point, by considering a
conditional probability between pseudo-label sample pairs (xi , ŷi ) and biopsy
location (xoi , yi ) such that the pseudo-labels have the same class label as the
observed label. We assume conditional probability p(xoi |xi ) has a Gaussian
p(xoi |xi ) ∼ N (x − xo , Σ) distribution. Using this, we can rewrite Equation
2.1 as:
X
θ̂ = argmax
E
[ln(p(zi |Ii , xi , θ))]
(2.2)
o
θ

i

p(xi |xi ,Ii ,θ,yi )
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Training

Inference

(a)

(b)

(c)

(d)

(e)

Figure 2.5: Method overview. For the training time (a) we propose a
weighted cross-entropy (CE) loss to handle sparse biopsy ground truth. For
the inference time (b-d), we propose a probabilistic framework which models
noise in observed locations and makes adjustments. FCN architecture is used
for the seamless rendering of the cancer probability maps (c). (a) shows a
sample train image (ADC) together with a Gaussian loss weight centered on
biopsy location. The weight is applied to the pixel-level samples of the CE loss.
The trained network with optimized parameters, θ̂, is then used for inference.
(b) shows a sample test image, Ii , with reported (observed) biopsy position,
xoi , marked on the left peripheral zone. (c) shows the network prediction for
probability of cancer at each pixel p(zi = 1|Ii , xi , θ̂). zi = 1 denotes cancer
outcome for biopsy. (d) shows the input image overlaid with a Gaussian
denoting p(xpi |xi ), the probability of latent true biopsy given observed biopsy
location. (e) shows the probability distribution for latent true biopsy location
p(xi |xoi , Ii , θ̂, zi = 1). Using (e), the presumably misplaced reported location
of the biopsy can be adjusted. The proposed network uses multi-modal inputs
and here for simplicity we only show ADC inputs.
that can be further expanded into:
θ̂ = argmax
θ

XX
i

xi

p(xii |xoi , Ii , θ, zi ) · ln(p(zi |Ii , xi , θ))

(2.3)

p(xii |xoi , Ii , θn , zi ) can be considered as a weight that will be applied during
the training to the pixel samples. The weighted loss function in FCNs can be
interpreted as an alternative for shift augmentation in patch-based training.

2.4.2

Location Uncertainty-aware Inference

The observed location of biopsy points xoi can be noisy. By modeling the
noise in biopsy locations as Gaussian, we can formulate the latent true biopsy
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coordinate xi ∈ R3 as:
p(xoi |xi ) ∼ N (xi − xo , Σ)

(2.4)

Given the image Ii , classifier estimates the probability of cancer at the
location xoi , as p(zi |Ii , xi , θ̂n ). We can form a conditional probability to
represent the most probable latent location of biopsy:
p(zi |Ii , xi , θ̂) · p(xoi |xi )
p(xi |xoi , Ii , θ̂, zi ) = P
o
xi p(zi |Ii , xi , θ̂) · p(xi |xi )

(2.5)

x∗ = argmax p(xi |xoi , Ii , θ̂, zi = 1).

(2.6)

For each pixel in image the probability of latent location given the cancer
outcome is positive p(xi |xoi , Ii , θ̂, zi = 1) or negative p(xi |xoi , Ii , θ̂, zi = 0) can
be calculated. To improve the sensitivity of the model, and reducing the
chance of missing cancer, the reported biopsy can be adjusted to the most
probable latent biopsy location x∗ given the outcome is positive:
x

2.4.3

Experimental Setup

Data and Preprocessing
We used 203 patients with 325 suspicious lesion from the training set of the
PROSTATEx dataset [106]. Stratified 6-fold cross validation was used for the
training and validation of the proposed methods. Registration with mutual
information maximization [191] was used to adjust possible misalignments
between mpMRI sequences. We followed the same registration procedure
that was done by Kiraly et al. [87]. Registered images were then resampled
to the resolution of 0.5 × 0.5 × 3 mm. All axial slices were then cropped at
the center to create images of size 224 × 224 pixels as the input size of the
FCN. Image intensities were normalized to be within the range of [0,1].
Model & Training
We used an architecture similar to U-Net [147] but with three input channels
and fewer kernel filters at each layer. The inputs of the model are ADC
and high b-value images from DWU and K trans from DCE-MRI. The input
and output of the model have sizes of 224 × 224 × 3, and 224 × 224 × 2,
respectively. The network has the same number of layers as the original U-Net.
The sizes of kernels for the encoder section of the network are 16, 16, 32,
32, 32, 32, 64, 64, 128, and 128. The parameters of the convolutional layers
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were initialized randomly from a Gaussian distribution [59]. For optimization,
stochastic gradient descent with the Nesterov Adam update rule [34] was
used. A mini-batch of 16 examples was used during the training. The initial
learning rate was set to 0.0005 and it was reduced by a factor of 0.5 if the
average validation loss did not improve by 0.001 in 5 epochs. We used 50
epochs for the training of the models with an early stopping policy. For
each training run, the model checkpoint was saved at the epoch where the
validation loss was lowest. For each of the validation folds, the model was
trained 5 times with partial CE and 5 times with Gaussian weighted CE, each
with random weight initialization and random shuffling of the training data.
We used ensembling by averaging network predictions to boost performance
and calibration of the models [96].
Experiments
We compare the classification performance of models trained with partial
CE loss with those trained with Gaussian-weighted CE. We generate 2D
Gaussian weighted with σ values of 0.5, 1, and 2. For all trained models,
we calculate p(xi |xoi , Ii , θ̂, zi = 1) with σ values of 5, 9, and 15 and find the
adjusted biopsy location x∗ . We then compare the baseline predictions at the
reported biopsy locations with probabilities at the adjusted biopsy location.
For statistical tests and calculating 95% confidence intervals (CI), we use
bootstrapping (n = 1000).

2.4.4

Results

Table 2.1 compares the classification performances of the models trained with
partial CE with those trained with Gaussian CE loss with σ = 2. The area
under the receiver operating characteristic curve (ROC) (Az ) was improved
from 0.74 to 0.78 by including adjacent labels in loss calculation. Gaussian
CE with σ values of 0.5 and 1 achieved Az (95% CI) of 0.78 (0.72−0.84)
and 0.77 (0.71−0.83), respectively. Both Az s significantly better than the
baseline with partial CE. Table 2.1 also compares the performance of original
(observed) biopsy points with adjusted locations with different σ values. As
expected, biopsy location adjustment acts in favor of finding lesions and
increases sensitivity. The increase in sensitivity is at the cost of a notable
reduction in the specificity of the models.
Figure 2.6 provides some examples of the proposed probability framework
location uncertainty estimation and biopsy location adjustments.
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2.5

Discussion and Conclusion

In this chapter, we studied training deep cancer classifiers using sparse biopsy
annotations. Moreover, we modeled biopsy location uncertainty and proposed
a method for improving the sensitivity of the models by biopsy location
adjustment. The FCN was trained with DWI and DCE-MRI data as input
and biopsy ground truth as targets for clinically significant prostate cancer
detection. We proposed a Gaussian weighted loss function as a form of
data augmentation (label imputation) to train FCNs with sparse biopsy
locations. Furthermore, we proposed a probabilistic framework to model the
uncertainty regarding the location of the biopsy samples. The framework
provides posterior probabilities of latent true biopsy locations given the image,
model, observed biopsy location, and the biopsy outcome. The models were
assessed on 325 biopsy locations. The results of our experiments show that
the proposed weighted loss provides better classification compared to the
baselines that only used given sparse labels in their loss function. We showed
improved sensitivity and area under ROC curves by adjusting biopsy location
adjustments at the expense of more false positives.
The main limitation of our work is the relatively small number of cases
that were used for the development and validation of our system. Only
about one fourth of the biopsies were clinically significant cancers. Not only
cancerous samples were limited, but also they were heterogeneous in terms
of severity of cancer and the lesion sizes. Despite this, the achieved results
are promising and should be validated by larger patient populations and
preferably with independent test sets.
Future work will explore the use of the posterior probabilities on latent
true biopsy coordinates for improving training procedures. Through an
expectation-maximization (EM) framework, Equation 2.5 can be used as
an E −step to re-estimate probability distribution on biopsy locations given
the prior knowledge and classifier’s output. Maximum likelihood estimation
(Equation 2.1) can be updated to include the current knowledge of the
distribution where samples come from (M−step).
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Table 2.1: Classification quality of models for diagnosing clinically significant prostate cancer in MRI evaluated on
reported biopsy locations (n=325). Models trained with partial cross-entropy loss are compared with those trained
with Gaussian cross-entropy loss. The results of inference time biopsy location adjustments are also provided for
multiple Gaussian kernel sizes.
Biopsy Location

TP

TN

FN

FP

Sens (%)

Spec (%)

F-1

Az (95%CI)

0.49
0.50
0.49
0.45

0.74 (0.67-0.80)
0.76 (0.70−0.82)
0.77 (0.70−0.83)†
0.78 (0.71−0.84) †

0.53
0.54
0.55
0.49

0.78 (0.72−0.83)
0.79 (0.74−0.85) †
0.77 (0.72−0.83)
0.79 (0.73−0.84) †

Partial Cross-entropy Loss
Original
Adjusted (σ = 5)
Adjusted (σ = 9)
Adjusted (σ = 15)

37
55
68
72

210
161
116
79

40
55
9
5

38
22
132
168

48.05
71.43
88.31
93.50

84.68
64.92
46.77
31.85

Gaussian Cross-entropy Loss (σ = 2)
Original
Adjusted (σ = 5)
Adjusted (σ = 9)
Adjusted (σ = 15)

41
47
57
65

212
198
174
127

36
30
20
12

36
50
74
121

53.25
61.04
74.03
78.00

85.48
79.84
70.16
51.21

TP = true positives; TN = true negatives; FN = false negatives; FP = false positives; Sens =
sensitivity; Spec = specificity;
†
Difference are statistically significant (p-value<0.01).
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Figure 2.6: Examples of biopsy location adjustments. The first column shows the input ADC images with given
biopsy locations (black crossharis). The b-value and K T rans images were used for inference but not shown here.
For all the of the four examples, the most probable latent location for cancer location was found (white crosshairs)
using Equation 2.6. Last two columns show calculated true latent biopsy location probabilities given the results
is clinically significant (third column), or insignificant (fourth column). The top two rows show false positive
predictions that turned into true positives by the proposed adjustment. The bottom two rows show true negatives
that turned into false positives by adjustment.

Chapter 3

Biopsy Needle Localization in
MRI
3.1

Introduction and Background

When screening indicates the possibility of prostate cancer in an individual,
the standard of care includes non-targeted systematic (sextant) biopsies of
the entire organ under the guidance of transrectal ultrasound (TRUS). These
biopsies randomly sample a very small part of the gland and the results
sometimes miss the most aggressive tumor within the gland [36, 58, 155].
MRI has demonstrated value in not just detecting and localizing the cancer,
but also in guiding biopsy needles to the suspicious targets [4]. In particular,
biopsies with intra-operative MRI guidance require significantly fewer cores
than with the standard TRUS approach and reveal a significantly higher
percent of cancer involvement per biopsy core [136, 139, 187, 196].
Accurately placing needles in suspicious target tissue is critical for the
success of a biopsy procedure. An intra-operative MRI allows the physician
to check the position and trajectory of the needle relative to the suspicious
target in a three-dimensional (3D) stack of cross-sectional images and to make
needed adjustments. Physicians achieve targeting accuracy in the range of
3–6 mm for MRI-guided prostate biopsy, which is adequate for the task since
clinically significant prostate cancer lesions are typically larger than 0.5 mL
in volume or 9.8 mm in diameter (assuming spherical lesions) [90, 170, 182].
Automatic localization of the needle tip and trajectory can aid the physician
by providing rapid 3D visualization that reduces their cognitive load and the
duration of the procedure. In addition, for the realization of robot-guided
percutaneous needle placement procedures, accurate and automatic needle
This chapter is adapted from Alireza Mehrtash, Mohsen Ghafoorian, Guillaume
Pernelle, Alireza Ziaei, Friso G. Heslinga, Kemal Tuncali, Andriy Fedorov, Ron Kikinis,
Clare M Tempany, William M Wells, Purang Abolmaesumi, Tina Kapur. Automatic needle
segmentation and localization in MRI With 3-D convolutional neural networks: application
to MRI-targeted prostate biopsy. IEEE Transactions on Medical Imaging, 38(4):1026-1036,
2018.
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localization is a necessary part of the feedback loop [145].
While MRI is the imaging modality of choice for identifying suspicious
biopsy targets because of its ability to provide superior soft tissue contrast, it
poses two types of challenges in the needle localization task. The first challenge
is that parts of a needle may appear substantially different from others in an
MRI scan while also being difficult to distinguish from surrounding tissue
[141]. This variability in grayscale appearance of needles confounds automatic
segmentation algorithms and is addressed in this study.
Today, aside from the proposed work, there are no automatic solutions
for the segmentation of needles from MRI images [32, 167]. Even manual
segmentation from MRI is tedious and error-prone, and to the best of our
knowledge, not attempted in clinical or research programs. The second
challenge, while not addressed in this study, is worth noting; an MRI does
not directly show the geometric location of a needle. Instead, the needle is
detected through a loss of signal due to the susceptibility artifact that occurs
at the interfaces of materials with substantially different magnetic resonance
properties, and is commonly referred to as the needle artifact. Studies report
a displacement between the actual needle tip and the needle tip artifact [167].
For brevity the term needle is used instead of needle artifact in this study.
Needle trajectory is defined as the set of points connecting the center of the
artifact across a stack of axial cross-sections. The needle tip is the center of
needle artifact at the most distal plane.
Several approaches have been suggested in the literature for segmentation
and localization of needle-like i.e. elongated tubular objects in medical
images. Segmentation of tortuous and branched structures, such as blood
vessels [105, 193], white matter tracts [57, 133] or nerves [174] are the targets
of many reported methods. Other methods target straight or bent catheters
[65, 116, 137]. Based on the clinical application, the proposed techniques have
been applied to different image modalities including ultrasound [3, 13, 65],
computed tomography [52, 128], and MRI [116, 137] for the purpose of
localization after insertion or real-time guidance during insertion. Many
attempts have been made to incorporate hand crafted and kernel-based
methods to segment and localize the objects which can be considered as
line detection algorithms. The reported methods are based on 3D Hough
transforms [13, 65], on model based and raycasting-based search [116, 137],
orthogonal 2-dimensional projections [3], generalized radon transforms [132],
and random sample consensus (RANSAC) [184].
Deep convolutional neural networks (CNNs) use the power of representation learning for complex pattern recognition tasks [51]. Deep model
representations are learned through multiple levels of abstraction in a su27
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pervised training scheme, as opposed to hand-crafting of features. CNNs
have been extensively used in medical image analysis and have outperformed
conventional methods for many tasks [107]. For instance, CNNs have been
shown to achieve outstanding performance for segmentation [45], localization
[29], cancer diagnosis [120], quality assessment [2], and vessel segmentation
[189].
In this work, we propose a CNN-based system for automatic segmentation
and localization of biopsy needles in MRI images. The proposed system uses
CNNs to extract hierarchical representations from MRI to segment needles
for the purpose of tip and trajectory localization. An asymmetric 3D fully
convolutional neural network with in-plane pooling and up-sampling layers
was designed to handle the anisotropic nature of the needle MR images. The
proposed asymmetry in the network design is computationally efficient and
allows the whole volumetric MR images to be used for the process of training.
A large dataset of MRI acquired in transperineal prostate biopsy procedures
was used for developing the system; 583 volumetric T2-weighted MRI from
71 biopsy procedures (on 71 distinct patients) were used to design, optimize,
train and test the deep learning models.
The performance of CNNs and other supervised machine learning methods
is measured against that of experienced humans, which is known to be variable
for medical image analysis tasks; observer studies are used to establish ranges
for human performance, against which automated CNNs can be rated. An
observer study was conducted to compare the quality of the predictions
against a second observer.
To promote further research and facilitate reproduction of the results, the
resultant trained deep learning model is publicly available via DeepInfer[119],
an open-source deployment platform for trained models. To the best of
our knowledge, we are the first and only group to attempt fully automatic
segmentation and localization of needles in MRI. Since there are no prior
assumptions regarding the prostate images, the proposed method can be
generalized and adopted in other clinical procedures for needle segmentation
and localization in MRI.
The rest of this chapter is organized as follows: in Section 3.2 we describe
the methods for this study including the clinical workflow of in-gantry MRItargeted prostate biopsy and details of the proposed deep learning system.
Section 3.3 and 3.4 cover the experimental setup and results, respectively, of
applying the proposed system to the MRI-targeted biopsy procedure. Section
3.5 presents a discussion and our conclusions from this study.

28

3.2. Methods

(a)

(b)

(c)

(d)

(e)

Figure 3.1: Transperineal in-gantry MRI-targeted prostate biopsy procedure:
(a) The patient is placed in the supine position in the MRI gantry, and
his legs are elevated to allow for transperineal access. The skin of the
perineum is prepared and draped in a sterile manner, and the needle guidance
template is positioned. (b), (c) and (d): Axial, sagittal and coronal views
of intraprocedural T2-W MRI with needle tip marked by white arrow. (e)
3D rendering of the needle (blue), segmented by our method, and visualized
relative to the prostate gland (purple), and an MRI cross-section that is
orthogonal to the plane containing the needle tip.

3.2
3.2.1

Methods
MRI-Targeted Biopsy Clinical Workflow

The general workflow of an in-gantry transperineal MRI-targeted prostate
biopsy involves imaging in two stages: a) the preoperative stage during which
multiparametric MRI consisting of T1, T2, diffusion weighted, and dynamic
contrast enhanced images are acquired and the cancer suspicious targets
are marked, and b) the intraoperative stage during which the patient is
immobilized on the table top inside the gantry of the MRI scanner and tissue
samples are acquired transperineally with a biopsy needle under intraoperative
MRI guidance. At the beginning of the intra-operative stage, anesthesia
is administered to the patient and a grid template affixed to his perineum
to facilitate targeted sampling. Intra-operative MR images are acquired as
needed to optimize the skin entry point and depth for each needle insertion.
One or more biopsy samples are taken for each target, depending on the
sample quality. Samples are sent for histological analysis, and the institutional
post-operative care protocol is followed for the patient. At our site, almost 600
such procedures have been performed under intravenous conscious sedation;
one to five biopsy samples are obtained using an off-the-shelf 18-gauge sidecutting MR-compatible core biopsy needle and the patient discharged, on an
average, two hours later [38, 136, 179].
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3.2.2

Data

The data used in this study consists of 583 intraprocedural MRI scans obtained
from 71 patients who underwent transperineal MRI-guided biopsy between
December 2010 and September 2015. This retrospective study was HIPAA
compliant and institutional review board approval (IRB) and informed consent
was obtained. The patients in this cohort had prostate MRI lesions suspicious
for new cancer, recurrent cancer after prior therapy, or lesions suspicious for
higher grade cancer than their initial diagnosis. Each of the intraprocedural
MRI scans is an axial fast spin echo (FSE) T2-weighted volume of size range
256–320×204–320×18–30 voxels, with voxel spacing in the range of 0.53–0.94
mm in-plane and slice thickness of 3.6–4.8 mm. The acquisition parameters
for the FSE sequence were set as follows: repetition time (TR) is 3000 ms,
echo time (TE) is 106 ms, and flip angel (FA) is 120 degrees [136]. The
imaging time is about one minute and is performed after needle insertion
to visualize it relative to the target. These scans were acquired on either a
conventional wide-bore, 3T MR scanner (Verio, Siemens Healthcare, Erlangen,
Germany) or a ceiling-mounted version of it (IMRIS/Siemens Verio; IMRIS,
Minnetonka, Minn).

3.2.3

Data Annotation

A custom needle annotation software tool was used by an expert human rater
to interactively mark the needle trajectory and tip on each of the 583 MRI
[137]. These annotations are also referred to as ground truth. In these images,
a needle can be identified by the dark susceptibility artifact around its shaft,
as seen in Figure 3.1(c) and (d). The annotation tool allowed the human rater
to place several control points ranging from the tip of the needle to its base.
Those control points were then used to fit a Bézier curve which represents a
trajectory of the needle artifact. Thus the manual needle trajectory relies only
on the observer input (and not on the underlying gray scale values). Ground
truth needle segmentation label maps were then generated by creating a
4 mm diameter cylinder around the Bézier curve to cover the hypointense
artifact that surrounds the needle shafts, as seen in Figure 3.1(e).
It should be noted that even for experienced human observers, there can
be ambiguity in picking the axial plane containing the needle tip due to the
large slice thickness and partial volume effects. In addition, there are cases,
as shown in Figure 3.2, where the needle susceptibility artifact consists of
two hypointense regions separated by a hyperintense one (instead of a single
hypointese region). The human observer followed the needle carefully across
30
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Figure 3.2: (a) and (b): Examples of needle induced susceptibility artifacts
in MRI where instead of a single hypointense (dark) region, there are two
hypointense regions separated by a hyperintense (bright) region. In such
cases, the human expert followed the needle carefully across several slices to
ensure the integrity of the annotation. The arrow marks the needle identified
by the expert.
Table 3.1: Number of patients and needle MRIs for training/validation and
test sets.
set
training & validation
test
# patients # images # patients # images
size

50

410

21

173

several slices to ensure the integrity of the annotation.
The annotated images were split at the patient level into 70% training/crossvalidation for algorithm development and 30% for final testing (Table 3.1).

3.2.4

Data Preprocessing

Prior to training the CNN models, the data was preprocessed in four steps:
resampling, cropping, padding, and intensity normalization, as follows.
Resampling: First, the data was resampled to a common resolution
of 0.88 × 0.88 × 3.6 mm. The MR images and ground truth segmentation
maps were resampled with linear and nearest neighbor interpolation methods
respectively. SimpleITK implementation of the interpolation methods were
used for image resampling [113].
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Cropping: Second, to constrain the search area for the needle tip, each MR
image was cropped to a cube of size 165.4 × 165.4 × 165.6 mm (188 × 188 × 46
voxels) around the center of the prostate gland. The size of the box was
chosen to be large enough to easily accommodate the size of the largest
expected diseased gland, and small enough to fit in the GPU memory for
efficient processing. Even though a very coarsely selected bounding box that
contains the prostate gland is sufficient for this step, we used a separate deep
network, a customized variant of 2D U-Net architecture, that was readily
available to us to perform the segmentation automatically [119]1 .
Padding: Third, the borders of the cropped volume were padded by 50
mm (14 pixels) in the z direction. The zero padding in the z direction is
required to accommodate the reduction in spatial dimension of the output of
3D convolutional filters. As a result of convolution operation, for in-plane
directions (x and y) the output of the final layer of the network (green box
in Figure 3.3) will be 88 pixels smaller than the input image (blue box in
Figure 3.3).
Intensity Normalization: Fourth, to reduce the heterogeneity of the
grayscale distribution in the data, intensities were truncated and re-scaled to
the range between 0.1% and 99% quantiles of the intensity histogram and
then normalized to the range of [0, 1].

1

http://www.deepinfer.org/models/prostate-segmenter/
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Axial

Sagittal

Coronal

(b)

(c)

(d)

VOISEG
VOIORIG

VOICP

(a)

Figure 3.3: Original, cropped and padded, and segmentation volumes of interests (VOIs) (a) The original grayscale
volume (V OIORIG , red box) is cropped in x and y directions and padded in the z direction to a volume of size
164.5 × 164.5 × 165.6 mm (188 × 188 × 46 voxels) centered on the prostate gland (V OICP , blue box). V OICP is
used as the network input. The network output segmentation map is of size 88 × 88 × 64.8 mm (100 × 100 × 18
voxels) (V OISEG , green box). The adjusted voxel spacing for the volumes is 0.88 × 0.88 × 3.6 mm. (b), (c), (d)
show axial, sagittal and coronal views respectively of a patient case overlayed with the boundaries of the volumes
V OIORIG , V OICP and V OISEG .
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3.2.5

Convolutional Neural Networks

In this chapter a binary classification model based on CNNs is proposed
for needle segmentation and localization in prostate MR images. The deep
network architecture is composed of sequential convolutional layers l ∈ [1, L].
At each convolutional layer l, the input feature map (image) is convolved by a
set of K kernels Wl = {W 1 , ..., W K } and biases bl = {b1 , ..., bK } to generate
a new feature map. A non-linear activation function f is then applied to this
feature map to generate the output Yl which is the input for the next layer.
The nth feature map of the output of the lth layer can be expressed by:
Yln

K
X
k
= f(
Wln,k ∗ Yl−1
+ bnl ),

(3.1)

k=1

The concatenation of the feature maps at each layer provides a combination of patterns to the network, which become increasingly complex for
deeper layers. Training of the CNN is usually done through several iterations
of stochastic gradient descent (SGD), in which several samples of training
data (a batch) is processed by the network. At each iteration, based on
the calculated loss the network parameters (kernel weights and biases) are
optimized by SGD in order to decrease the loss.
Medical image segmentation can be formulated as a pixel-level classification problem which can be solved by convolutional neural networks. Leveraging the volumetric nature of the data through the inter-slice dependence of 2D
slices is a key factor in 3D biomedical image classification and segmentation
problems. Representation learning for segmentation in 3D has been done
in different ways: directly by the use of 3D convolutional filters, multi-view
CNNs with 2D images, and recurrent architectures [107]. 3D convolutional
filters can be used in 3D architectures known as fully convolutional neural
networks (FCNs) or through patch-based sliding-window methods[27].
The use of FCNs for image segmentation allows for end-to-end learning,
with each pixel of the input image being mapped by the FCN to the output
segmentation map. This class of neural networks has shown great success
for the task of semantic segmentation [112]. During training, the FCN aims
to learn representations based on local information. Although patch-based
methods have shown promising results in segmentation tasks [45], FCNs have
the advantage of reduction in the computational overhead of sliding-windowbased computation. The efficiency of FCNs in prediction time makes them
better suited for procedures such as intera-operative imaging where time is an
important factor. One drawback of 3D FCNs is the memory constraint of the
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graphical processing units (GPUs) to hold the large parameters during the
optimization process which limits the input size, number of model parameters
and number of mini-batches in stochastic gradient descent iterations. In
addition to CNNs, recurrent neural networks (RNNs) have also been successfully used for segmentation tasks by feeding prior information from adjacent
locations such as nearby slices or nearby patches into the classifier [6].
The CNN proposed in this work is a 3D FCN. FCNs for segmentation
usually consist of an encoder (contracting) path and a decoder (expanding)
path [8, 147]. The encoder path consists of repeated convolutional layers
followed by activation functions with max-pooling layers on selected feature
maps. The encoder path decreases the resolution of the feature maps by
computing the maximum of small patches of units of the feature maps.
However, good resolution is critical for accurate segmentation, therefore in
the decoder path, up-sampling is performed to restore the initial resolution,
but the feature maps are concatenated to keep the computation and memory
requirements tractable. As a result of multiple convolutional layers and maxpooling operations the feature maps are reduced and the intermediate layers
of an FCN become successively smaller. Therefore, following the convolutions,
an FCN uses inverse convolutions (or backward convolutions) to up-sample
the intermediate layers until the input resolution is matched [35, 112]. FCNs
with skip-connections are able to combine high level abstract features with
low level high resolution features which has been shown to be successful in
segmentation tasks [27].

3.2.6

Network Architecture

We present a fully automatic approach for needle localization by segmentation
in prostate MRI based on a 14-layers deep anisotropic 3D FCN with skipconnections (Figure 3.4). The network architecture is inspired by the 3D
U-Net model [27]. We improved the network architecture to efficiently handle
the anisotropic nature of MRI volumes and for the specific problem of needle
segmentation in MRI. Due to the time constraints in intraoperative imaging,
MRIs taken during the interventional procedure often have thick slices but
high resolution in the axial plane which leads to anisotropic voxels. Pooling
and up-sampling were only applied to the in-plane axes (x and y) to handle
the anisotropic nature of the needle MRI. The proposed asymmetry in the
network design is computationally efficient and allows the whole volumetric
MRI to be used for training.
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3D conv+bn+ReLu

3D max pooling

3D upsamling

copy and concat

16×(3×3×3)

2×2×1

32×(3×3×3)

2×2×1

64×(3×3×3)

2×2×1

256×(3×3×3)

2×2×1

64×(3×3×3)

2×2×1

32×(3×3×3)

2×2×1

16×(3×3×3)
Input Image Volume
188×188×46

Ouput Segmentaion Map
100×100×18

Figure 3.4: Schematic overview of the anisotropic 3D fully convolutional neural network for needle segmentation and
localization in MRI. Network architecture consisting of 14 convolutional layers, 3 max-pooling and 3 up-sampling
layers. Convolutional layers were applied without padding while max-pooling layers halved the size of their inputs
only in in-plane directions. The parameters including the kernel sizes and number of kernels are explained in each
corresponding box. Shortcut connections insures combination of low-level and high-level features. The input to the
network is the 3D volume image with the prostate gland at the center (188 × 188 × 46) and the output segmentation
map has the size of 100 × 100 × 18.
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As illustrated in Figure 3.4, the proposed network consists of 14 convolution layers. Each convolution layer has a kernel size of (3 × 3 × 3) with
stride of size 1 in all three dimensions. Since the input of the proposed
network is a T2-weighted MRI, the number of channels for the first layer is
equal to one. After each convolutional layer, a rectified linear unit (ReLu)
f (x) = max(0, x) is used as the nonlinear activation function except for the
last layer [55] where a sigmoid function S(x) = ex (ex + 1)−1 is used to map
the output to a class probability between 0 and 1. There are 3 max-pooling
and 3 up-sampling layers of size (2 × 2 × 1) in the encoder and decoder paths
respectively. The network has a total of 3,231,233 trainable parameters. The
input to the network is the 3D volume image with the prostate gland at the
center (188×188×46) and the output segmentation map size is 100×100×18
which corresponds to a receptive field of size 88 × 88 × 65 mm.

3.2.7

Training

During training of the proposed network, we aimed to minimize a loss function
that measures the quality of the segmentation on the training examples. This
loss Lt over N training volumes can be defined as:

N 
1 X
2|Xn ∩ Yn |
Lt = −
,
N
|Xn |+|Yn |+s

(3.2)

n=1

where Xn is the output segmentation map, Yn is the ground truth obtained
from expert manual segmentation for the nth training volume, and s (set to
5), is the smoothing coefficient which prevents the denominator from being
zero. This loss function has demonstrated utility in image segmentation
problems where there is a heavy imbalance between the classes, as in our
case where most of the data is considered background [124].
We used a SGD algorithm with the Adam update rule [86] which was
implemented in the Keras framework [26]. During the training we used a minibatch of 4 image volumes. The initial learning rate was set to 0.001. Learning
rate was reduced by a factor of 0.8 if the average of validation Dice score
did not improve by 10−5 in five epochs. The parameters of the convolutional
layers were initialized randomly from a Gaussian distribution using the He
method [59]. To prevent overfitting, in addition to the batch-normalization
[70], we used drop-out with 0.1 probability as well as L2 regularization with
λ2 = 10−5 penalty on convolutional layers except the last one. Training was
performed on 410 MRI scans from 50 patients using five-fold cross validation
with splitting at the patient level. Each training sample was a 3D patch
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(also referred to as input volume or V OICP ) of size 188 × 188 × 46 voxel.
Data augmentation was performed by flipping the 3D volumes horizontally
(left to right), which doubled the amount of training examples [44]. Crossvalidation was used to optimize and tune the hyperparameters including CNN
architecture, training scheme, and finding the best epoch (model checkpoint)
for the test-time deployment. For each cross-validation fold, we used 100 as
the maximum number of epochs for training and an early stopping policy by
monitoring validation performance. This resulted in five trained models, one
from each of the cross-validation folds, that are aggregated later with the
ensembling method (described in Section 3.3.3) for test-time prediction.

3.3
3.3.1

Experimental Setup
Observer Study

We designed an observer study in which a second observer, blinded to the
annotations by the first observer (the ground truth), segmented the needle
trajectory on the test set (n = 173 images) using the same annotations tools
as the first observer. We compared the performance of both the proposed
automatic system and the second observer with the first observer (ground
truth).

3.3.2

Evaluation Metrics

We evaluated the accuracy of the system by measuring how well it localizes
the tip of the needle, and how well it segments the entire trajectory of the
needle. In addition to measuring the tip and angular deviation errors which
are commonly used to quantify targeting accuracy of percutaneous needle
insertion procedures [13], we report the number of axial planes contained in
the tip error because of the high anisotropy of the data set. We used the
Hausdorff distance to measure the quality of the segmentation of the entire
length of needle (beyond the tip error) [116, 137].
• Tip deviation error ∆P : The ground truth needle tip position was
determined as the center of the needle artifact in the most distal plane
of the needle segmentation image P (x, y, z). Tip deviation ∆P is
quantified as the 3D Euclidean distance between the prediction P̂ and
manually specified ground truth P in millimeters.
• Tip axial plane detection error ∆A: The tip plane detection error is
the absolute value of the distance between the ground truth axial plane
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index A containing the needle tip and the predicted axial plane index
Â in voxels.
• Hausdorff Distance HD: Trajectory accuracy was calculated by measuring the directed Hausdorff distance between two N-D sets of predicted
X̂ and ground truth X needles defined with
dH (X, X̂) = max{ sup inf d(x, x̂), sup inf d(x, x̂) },
x∈X x̂∈X̂

x̂∈X̂

x∈X

(3.3)

where sup represents the supremum and inf the infimum, and x and x̂
are points from X and X̂ respectively.
• Angular deviation error ∆θ: The true needle direction θ was defined as
the angle between the needle shaft and the axial plane. The angular
deviation between the ground truth needle direction θ and the predicted
needle direction θ̂ quantifies the accuracy of needle direction prediction
(∆θ = |θ − θ̂|).

3.3.3

Test-time Augmentation

Test-time augmentation seeks to improve classification by analyzing multiple
augmentations or variants of the same image and averaging out the results.
Recently, it has been used to improve pulmonary nodule classification from
CT [168], detection of lacunes from MRI [44], and prostate cancer diagnosis
from MRI [74]. We performed test-time augmentation by flipping 3D volumes
horizontally which doubles the test data.
We conducted experiments to quantify the impact of training-time and
test-time augmentation and performed analysis to measure the statistical
significance of the results. Paired comparison of needle tip localization errors
for unequal cases was performed using Wilcoxon signed-rank test (two-tailed).
For reporting statistical analysis results, statistical significance was set at
0.05.

3.3.4

Ensembling

As reported in Section 3.2.7, cross-validation resulted in five trained models.
Combined with test-time augmentation, this results in 10 segmentation maps
for each test case, i.e. for each of the five trained models, there is one
prediction for the test image, and one for its flipped variant. To obtain the
final binary prediction, we used an iterative ensembling or voting mechanism
to aggregate the results of 10 predictions at the voxel level (Algorithm 1).
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Algorithm 1 Overview of the ensembling algorithm
Require: S, the sum image of n predictions
1: Constant: ν = 100, min number of voxels in a needle
 
2: Initialize: τ = n
2 , min vote threshold
3: Initialize: B=0, output segmentation image, same shape as S
4: repeat
5:
for voxel s[i] ∈ S and b[i] ∈ B do
6:
if s[i] ≥ τ then
7:
b[i] ← 1 {voxel is needle}
8:
else
9:
b[i] ← 0 {voxel is not needle}
10:
end if
11:
end for
12:
τ ←P
τ − 1 {relax threshold if no needle found}
13:
c ← b[j]∈B b[j] {c is total number of needle voxels}
14: until c ≥ ν or τ = 0
The input to the algorithm is S, the sum image of all predictions. In
an iterative procedure, the binary segmentation map B, is generated by

thresholding S using τ . τ is initialized at the value of majority votes τ = n2 ,
where n is the number of predictions. ν is a constant that represents the
minimum size of a needle which was measured at 100 voxels over the 410
needles in the training set. An iterative procedure reduces τ until a needle is
found.
Finally, to obtain the needle tip and trajectory the binary segmentation
map is converted to 3D points in space by getting the center of the bounding
box of the needle in each axial slice. The most distal point in the z-axis is
considered the needle tip.

3.3.5

Implementation and Deployment

The proposed algorithm for needle localization and segmentation was implemented in Keras V2.0 [26] with Tensorflow back-end [1] and trained on an
Nvidia GTX Titan X GPU with 12 GB of memory, hosted on a machine
running Ubuntu 14.04 operating system on a 3.4 GHz Intel(R) Core(TM)
i7-6800K CPU with 64 GB of memory. Training of large volumetric 3D networks was enabled and accelerated by the efficient cudNN2 implementation
of deep neural network layers. The trained models were deployed in the
2

https://developer.nvidia.com/cudnn
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Table 3.2: Needle tip localization error (mm) for test cases for proposed CNN
method and the second observer*.
∆P

σ∆P

RM S(∆P )

M (∆P )

CNN

2.80

3.59

4.54

0.88

Second observer

2.89

4.05

4.98

0.88

*

∆P , σ∆P , RM S(∆P ) and M (∆P ) are the mean, standard deviation, root mean square, and median of the needle
tip deviation, respectively. First row indicates the error of
the CNN against ground truth, and second row indicates
error of the second observer against ground truth.

open-source DeepInfer toolkit and are publicly available for download and
use from the DeepInfer model repository3 .

3.4

Results

We tested the proposed method on a previously unseen test set of 173 MRI
volumes from 21 patients. Figure 3.5 visually illustrates the localization of a
single needle and the corresponding measured quality metrics in an example
that is representative of the results of the proposed system. In the rest of this
section, we present quantitative results of the performance of the proposed
system against the ground truth, and also that of a second observer against
the ground truth.

3.4.1

Tip Localization

The average tip localization errors for the proposed automatic system and
the second observer relative to the ground truth are presented in Table 3.2.
Corresponding box plots are presented in Figure 3.6. The median needle tip
deviation for both the CNN and the second observer was 0.88 mm (1 pixel in
the transaxial plane). Perfect matching of the predicted needle tip (0 mm
deviation) was achieved for 32 (18% of test images) and 46 needles (27% of
test images) for the CNN and second observer, respectively.
3

http://www.deepinfer.org/models/prostate-needle-finder/
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(a)

(d)

(b)
(c)

Figure 3.5: An example test case. Green, yellow, and red contours show the
needle segmentation boundaries of the ground truth, the proposed system,
and the second observer respectively. The arrows mark the needle tips. (a)
First row shows ground truth. Second row shows predictions of the proposed
system. Third row second observer annotations. (b) Zoomed view of slices in
(a). (c) Coronal views. (d) 3D rendering of the needle relative to the prostate
gland (blue), ground truth and CNN predictions. For the proposed CNN, the
measured needle tip localization error (∆P ), tip axial plane detection error
(∆A), Hausdorff distance (HD), and angular deviation error (∆θ) are 1.76
mm, 0 voxels, 1.24 mm, and 0.30◦ respectively.
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CNN

Second Observer

CNN

Second Observer

Figure 3.6: Box plots of the needle tip deviation error and Hausdorff distance
(HD) in millimeters for the test cases. Distances of automatic (CNN) and
second observer are shown which are comparable. The median tip localization
error and the median HD distance for both CNN and second observer are
0.88 mm (1 pixel in transaxial plane) and 1.24 mm, respectively.

3.4.2

Tip Axial Plane Detection

The bar chart in Figure 3.7 summarizes the accuracy results for needle tip
axial plane detection. For 113 images (65%) the algorithm detected the
correct axial slice (∆A = 0) containing the needle tip which is comparable to
the agreement between the two observers (108 cases (62%)). The algorithm
missed the needle tip by one slice (∆A = 1) on 44 images (25%), by two
slices (∆A = 2) for 9 images (5%) and by three or more slices (∆A ≥ 3) for
7 images (4%). The bar chart shows that the performance of the CNN and
the second observer are in the same range.

3.4.3

Trajectory Localization

Table 3.3 presents the results of needle trajectory localization error in terms
of directional Hausdorff distance (HD) for the test cases for both the CNN
and the second observer. Trajectory localization errors are summarized as
the mean, standard deviation, root mean square, and median of the error.
Corresponding box plots are presented in Figure 3.6.

3.4.4

Needle Direction

Table 3.4 presents the needle direction error in terms of angular deviation
(∆θ) for the test cases for both the CNN and the second observer. Needle
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Figure 3.7: Bar charts of needle tip axial plane localization error (∆A).
Needle tip axial plane distance error of the automatic (CNN) method and
second observer are shown. The results of the automatic CNN method are
comparable with the second-observer.
angular deviation errors are summarized as the mean, standard deviation,
root mean square, and median of the error.

3.4.5

Data Augmentation

Table 3.5 summarizes the impact of training-time and test-time augmentation
on system performance as measured by the mean and standard deviation of
the needle tip localization error in millimeters. The bottom right cell indicates
best performance when both training-time and test-time augmentation are
used. While both training and test-time augmentation did demonstrate
smaller averages of needle tip deviation errors and fewer number of failures,
we did not find improvements to be statistically significant.

3.4.6

Execution Time

The execution time of the proposed system was measured for inference on
the test set of 173 volumes in the same environment that was described in
Section 3.3.5. The average localization time using the proposed system was
29 seconds. This includes preprocessing, running five models on the original
MRI volume and the flipped version, ensembling, and resampling back to
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Table 3.3: Trajectory localization error averaged over test cases for proposed
CNN method and the second observer* (units are in millimeters).
HD

σHD

RM S(HD)

M (HD)

CNN

3.00

3.15

4.35

1.24

Second observer

2.29

2.82

3.63

1.24

*

HD, σHD , RM S(HD), and M (HD) are the mean, standard deviation, root mean square, and median of the needle
trajectory localization Hausdorff distance, respectively.

Table 3.4: Needle direction error quantified as the deviation angle averaged
over test cases for proposed CNN method and the second observer* (units
are in degrees).
∆θ

σ∆θ

RM S(∆θ)

M (∆θ)

CNN

0.98

1.1

1.47

0.68

Second observer

0.97

1.04

1.43

0.75

*

∆θ, σ∆θ , RM S(∆θ), and M (∆θ) are the mean, standard deviation, root mean square, and median of the
needle deviation angle, respectively.

the original spatial resolution of the input image. In comparison, the second
observer annotated a needle in 52 seconds on average.

3.5

Discussion

Automatic localization of needle tip and visualization of needle trajectories
relative to the target can aid interventionalists in percutaneous needle placement procedures. Furthermore, accurate needle tip and trajectory localization
is necessary for robot-guided needle placement. To the best of our knowledge,
this is the first report of a fully automatic system for biopsy needle segmentation and localization in MRI with deep convolutional neural networks. A
fairly large dataset of 583 MRI volumes from 71 patients suspected of prostate
cancer was used to design, optimize, and test the proposed system. The
system achieves human expert level performance for MRI-targeted prostate
biopsy procedures. The results on an unseen test set show a mean accuracy
error of 2.8 mm in detection of needle tip, 96% detection of axial tip plane
within 2 slices, mean Hausdorff distance of 3 mm in needle trajectory, and a
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Table 3.5: Impact of training-time and test-time augmentation on performance*.
∆P ± σ∆P
Train-Time Augmentation
Without
With
Without Test-Time Augmentation
With Test-Time Augmentation.

4.92 ± 13.22
3.93 ± 8.83

3.07 ± 3.70†
2.80 ± 3.59

*

This table quantifies the system performance as measured by the
mean and standard deviation of the needle tip localization error in
millimeters.
†
This model failed to segment one needle out of 173 in the test set.
All other models did not miss any needles.

mean 0.98◦ error in needle trajectory angle, all of which lie within the range
of agreement between human experts as shown by an observer study.
Our results support the findings of other studies in using 3D fully convolutional neural networks including 3D U-Net and its variants, for biomedical
image segmentation to achieve promising results [107]. Additionally, the
deployed trained model segments and localizes a needle in a 3D MRI volume
in 29 seconds which makes it viable for adoption in the clinical workflow
of MRI-targeted prostate biopsy procedures. The results of experiments to
quantify the effect of data augmentation demonstrated smaller averages of
needle tip deviation errors. However, unlike Ghafoorian et al. [44], we did
not find the improvements to be statistically significant. Further analysis
on larger test sets is required to statistically assess the effect of data augmentation for the needle segmentation problem. By preserving the ratio
between in-plane resolution and slice thickness with anisotropic max-pooling
and down sampling, we were able to train and deploy our model with whole
3D MRI volumes as inputs to the networks.
CNNs tend to be sensitive to the variations in MRI acquisition protocols.
Variations in parameters during the acquisition of the MRI volumes result
in different appearances of tissue and needle artifact [46]. Although we used
a fairly large dataset of 583 MRI volumes in our experiments, and these
MRI were acquired on two different MRI scanners, they were all obtained in
a single institution using substantially similar MRI protocols. Therefore it
is a reasonable conclusion that the performance of the trained models will
degrade when applied to data acquired using substantially different MRI
parameters. Domain adaptation and transfer learning techniques can be used
to address this issue [46]. Moreover, due to the large slice thickness of 3.6
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mm and partial volume effect, in many cases there is ambiguity in identifying
the correct axial plane containing the needle tip. In this study we used the
first observer as the gold standard and compared the second observer and
the proposed method with it. Ideally, we would have had multiple observers
and used majority voting for needle segmentation and tip localization.

3.6

Conclusion

We presented a new method for biopsy needle localization in MRI. A deep
3D fully convolutional neural network model was developed, trained and
deployed using 583 T2-weighted MRI scans for 71 patients. The accuracy
of the proposed method, as tested on previously unseen data, was 2.80 mm
average in needle tip detection, and 0.98◦ in needle trajectory angle. We
further designed an observer study in which independent annotations by
a second observer, blinded to the original observer, were compared to the
output of the proposed method. We showed that 3D convolutional neural
networks, designed with some attention to domain knowledge, can effectively
segment and localize needles from in-gantry MRI-targeted prostate biopsy
images. The results of this study suggest that our proposed system can be
used to detect and localize biopsy needles in MRI within the range of clinical
acceptance and human-expert performance.
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Chapter 4

Transfer Learning for Domain
Adaptation in MRI
4.1

Introduction and Background

Deep neural networks have been extensively used in medical image analysis
and have outperformed the conventional methods for specific tasks such as
segmentation, classification, and detection [107]. For instance on brain MR
analysis, convolutional neural networks (CNN) have been shown to achieve
outstanding performance for various tasks including white matter hyperintensities (WMH) segmentation [45], tumor segmentation [77], microbleed
detection [33], and lacune detection [44]. Although many studies report
excellent results on specific domains and image acquisition protocols, the
generalizability of these models on test data with different distributions is
often not investigated and evaluated. Therefore, to ensure the usability of
the trained models in real-world practice, which involves imaging data from
various scanners and protocols, domain adaptation remains a valuable field
of study. This becomes even more important when dealing with Magnetic
Resonance Imaging (MRI), which demonstrates high variations in soft tissue
appearances and contrasts among different protocols and settings.
Mathematically, a domain D can be expressed by a feature space χ and a
marginal probability distribution P (X), where X = {x1 , ..., xn } ∈ χ [135]. A
supervised learning task on a specific domain D = {χ, P (X)}, consists of a
pair of a label space Y and an objective predictive function f (.) (denoted by
T = {Y, f (.)}). The objective function f (.) can be learned from the training
data, which consists of pairs {xi , yi }, where xi ∈ X and yi ∈ Y . After the
training process, the learned model denoted by f˜(.) is used to predict the
This chapter is adapted from Mohsen Ghafoorian, Alireza Mehrtash, Tina Kapur,
Nico Karssemeijer, Elena Marchiori, Mehran Pesteie, Charles RG Guttmann, Frank-Erik
de Leeuw, Clare M Tempany, Bram van Ginneken, Andriy Fedorov, Purang Abolmaesumi,
Bram Platel, William M Wells. Transfer learning for domain adaptation in MRI: Application
in brain lesion segmentation. International Conference on Medical Image Computing and
Computer-Assisted Intervention (MICCAI), Springer 2017.
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label for a new instance x. Given a source domain DS with a learning task TS
and a target domain DT with learning task TT , transfer learning is defined as
the process of improving the learning of the target predictive function fT (.)
in DT using the information in DS and TS , where DS 6= DT , or TS 6= TT
[135]. We denote f˜ST (.) as the predictive model initially trained on the source
domain DS , and domain-adapted to the target domain DT .
In the medical image analysis literature, transfer classifiers such as adaptive SVM and transfer AdaBoost, are shown to outperform the common
supervised learning approaches in segmenting brain MRI, trained only on
a small set of target domain images [186]. In another study, a machine
learning-based sample weighting strategy was shown to be capable of handling
multi-center chronic obstructive pulmonary disease images [24]. Recently,
also several studies have investigated transfer learning methodologies on
deep neural networks applied to medical image analysis tasks. Some studies
used networks pre-trained on natural images to extract features and followed
by another classifier, such as a Support Vector Machine (SVM) or a random forest [37]. Other studies [163, 176] performed layer fine-tuning on the
pre-trained networks for adapting the learned features to the target domain.
Considering the hierarchical feature learning fashion in CNN, we expect
the first few layers to learn features for general simple visual building blocks,
such as edges, corners, and simple blob-like structures, while the deeper layers
learn more complicated abstract task-dependent features. In general, the
ability to learn domain-dependent high-level representations is an advantage
enabling CNNs to achieve great recognition capabilities. However, it is not
obvious how these qualities are preserved during the transfer learning process
for domain adaptation. For example, it would be practically important
to determine how much data on the target domain is required for domain
adaptation with sufficient accuracy for a given task, or how many layers from
a model fitted on the source domain can be effectively transferred to the
target domain. Or more interestingly, given a number of available samples
on the target domain, what layer types and how many of those can we afford
to fine-tune. Moreover, there is a common scenario in which a large set
of annotated legacy data is available, often collected in a time-consuming
and costly process. Upgrades in the scanners, acquisition protocols, etc., as
we will show, might make the direct application of models trained on the
legacy data unsuccessful. To what extent these legacy data can contribute to
a better analysis of new datasets, or vice versa, is another question worth
investigating.
In this chapter, we aim towards answering the questions discussed above.
At the time of running experiments of this study, we did not have access
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Table 4.1: Number of patients for the domain adaptation experiments.
Source Domain
Set
Size

Train
200

Validation
30

Target Domain
Test
50

Train
100

Validation
26

Test
33

to multi-domain prostate cancer datasets. Hence, we chose to perform
experiments on brain WMH segmentation problem where we used transfer
learning methodology for domain adaptation of models trained on legacy MRI
data. Since there are no prior assumptions regarding the specific problem of
WMH segmentation, we expect that the proposed method can be generalized
to other medical imaging domain adaptation problems including prostate
cancer diagnosis with MRI. However, confirmation of such expectations
requires multi-domain datasets and further experimentation.

4.2
4.2.1

Materials and Method
Dataset

Radboud University Nijmegen Diffusion tensor and Magnetic resonance imaging Cohort (RUN DMC) [185] is a longitudinal study of patients diagnosed
with small vessel disease. The baseline scans acquired in 2006 consisted
of fluid-attenuated inversion recovery (FLAIR) images with voxel size of
1.0×1.2×5.0 mm and an inter-slice gap of 1.0 mm, scanned with a 1.5 T
Siemens scanner. However, the follow-up scans in 2011 were acquired differently with a voxel size of 1.0×1.2×3.0 mm, including a slice gap of 0.5 mm.
The follow-up scans demonstrate a higher contrast as the partial volume effect
is less of an issue due to thinner slices. For each subject, we also used 3D T1
magnetization-prepared rapid gradient-echo (MPRAGE) with voxel size of
1.0×1.0×1.0 mm which is the same among the two datasets. We should note
that even though the two scanning protocols are only different on the FLAIR
scans, it is generally accepted that the FLAIR is by far the most contributing
modality for WMH segmentation. Reference WMH annotations on both
datasets were provided semi-automatically, by manually editing segmentations
provided by a WMH segmentation method [43] wherever needed.
The T1 images were linearly registered to FLAIR scans, followed by brain
extraction and bias-filed correction operations. We then normalized the image
intensities to be within the range of [0, 1].
In this study, we used 280 patient acquisitions with WMH annotations
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ne-tuned

Figure 4.1: Architecture of the convolutional neural network used in our
experiments. The shallowest i layers are frozen and the rest d − i layers are
fine-tuned. d is the depth of the network which was 15 in our experiments.
from the baseline as the source domain, and 159 scans from all the patients
that were rescanned in the follow-up as the target domain. Table 4.1 shows
the data split into the training, validation, and test sets. It should be noted
that the same patient-level partitioning which was used on the baseline, was
respected on the follow-up dataset to prevent potential label leakages.

4.2.2

Sampling

We sampled 32×32 patches to capture local neighborhoods around WMH
and normal voxels from both FLAIR and T1 images. We assigned each patch
with the label of the corresponding central voxel. To be more precise, we
randomly selected 25% of all voxels within the WMH masks, and randomly
selected the same number of negative samples from the normal appearing
voxels inside the brain mask. We augmented the dataset by flipping the
patches along the y axis. This procedure resulted in training and validation
datasets of size ∼1.2m and ∼150k on the baseline, and ∼1.75m and ∼200k
on the followup.

4.2.3

Network Architecture and Training

We stacked the FLAIR and T1 patches as the input channels and used a
15-layer architecture consisting of 12 convolutional layers of 3×3 filters and 3
dense layers of 256, 128, and 2 neurons, and a final softmax layer. We avoided
using pooling layers as they would result in a shift-invariance property that
is not desirable in segmentation tasks, where the spatial information of the
features is important to be preserved. The network architecture is illustrated
in Figure 4.1.
To tune the weights in the network, we used the Adam update rule [86]
with a mini-batch size of 128 and a binary cross-entropy loss function. We
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used the Rectified Linear Unit (ReLU) activation function as the non-linearity
and theqHe method [59] that randomly initializes the weights drawn from

2
a N (0, m
) distribution, where m is the number of inputs to a neuron.
Activations of all layers were batch-normalized to speed up the convergence
[70]. A decaying learning rate was used with a starting value of 0.0001 for the
optimization process. To avoid over-fitting, we regularized our networks with
a drop-out rate of 0.3 as well as the L2 weight decay with λ2 =0.0001. We
trained our networks for a maximum of 100 epochs with an early stopping
policy. For each experiment, we picked the model with the highest area under
the curve on the validation set.
We trained our networks with a patch-based approach. At segmentation
time, however, we converted the dense layers to their equivalent convolutional
counterparts to form a fully convolutional network (FCN). FCNs are much
more efficient as they avoid the repetitive computations on neighboring
patches by feeding the whole image into the network. We prefer the conceptual
distinction between dense and convolutional layers at the training time, to
keep the generality of experiments for classification problems as well (e.g.,
testing the benefits of fine-tuning the convolutional layers in addition to the
dense layers). Patch-based training allows class-specific data augmentation to
handle domains with hugely imbalanced class ratios (e.g., WMH segmentation
domain).

4.2.4

Domain Adaptation

To build the model f˜ST (.), we transferred the learned weights from f˜S , then
we froze the shallowest i layers and fine-tuned the remaining d−i deeper layers
with the training data from DT , where d is the depth of the trained CNN.
This is illustrated in Figure 4.1. We used the same optimization update-rule,
loss function, and regularization techniques as described in Section 4.2.3.

4.2.5

Experiments

On the WMH segmentation domain, we investigated and compared three
different scenarios: 1) Training a model on the source domain and directly
applying it on the target domain; 2) Training networks on the target domain
data from scratch; and 3) Transferring model learned on the source domain
onto the target domain with fine-tuning. To identify the target domain
dataset sizes where transfer learning is most useful, the second and third
scenarios were explored with different training set sizes of 2, 3, 4, 5, 6, 7, 8, 9,
10, 11, 12, 25, 50 and 100 cases. We extensively expanded the third scenario
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Figure 4.2: (a) The comparison of Dice scores on the target domain with
and without transfer learning. A logarithmic scale is used on the x axis. (b)
Given a deep CNN with d=15 layers, transfer learning was performed by
freezing the i initial layers and fine-tuning the last d − i layers. The Dice
scores on the test set are illustrated with the color-coded heatmap. On the
map, the number of fine-tuned layers are shown horizontally, whereas the
target domain training set size is shown vertically.
investigating the best freezing/tuning cut-off for each of the mentioned target
domain training set sizes. We used the same network architecture and training
procedure among the different experiments. The reported metric for the
segmentation quality assessment is the Dice score.

4.3

Results

The model trained on the set of images from the source domain (f˜S ), achieved
a Dice score of 0.76. The same model, without fine-tuning, failed on the target
domain with a Dice score of 0.005. Figure 4.2(a) demonstrates and compares
the Dice scores obtained with three domain-adapted models to a network
trained from scratch on different target training set sizes. Figure 4.2(b)
illustrates the target domain test set Dice scores as a function of target
domain training set size and the number of abstract layers that were fine-tuned.
Figure 4.3 presents and compares qualitative results of WMH segmentation
of several different models of a single sample slice.
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Figure 4.3: Examples of the brain WMH MRI segmentations. (a) Axial
T1-weighted image. (b) FLAIR image. (c-f ) FLAIR images with WMH
segmented labels: (c) reference (green) WMH. (d) WMH (red) from a
domain adapted model (f˜ST (.)) fine-tuned on five target training samples.
(e) WMH (yellow) from model trained from scratch (f˜T (.)) on 100 target
training samples. (f ) WMH (orange) from model trained from scratch (f˜T (.))
on 5 target training samples.

4.4

Discussion and Conclusion

We observed that while f˜S demonstrated a decent performance on DS , it
totally failed on DT . Although the same set of learned representations is
expected to be useful for both as the two tasks are similar, the failure comes
to no surprise as the distribution of the responses to these features is different.
Observing the comparisons presented by Figure 4.2(a), it turns out that
given only a small set of training examples on DT , the domain adapted
model substantially outperforms the model trained from scratch with the
same size of training data. For instance, given only two training images, f˜ST
achieved a Dice score of 0.63 on a test set of 33 target domain test images,
while f˜T resulted in a dice of 0.15. As Figure 4.2(b) suggests, with only a
few DT training cases available, the best results can be achieved by finetuning only the last dense layers, otherwise enormous number of parameters
compared to the training sample size would result in over-fitting. As soon
as more training data becomes available, it makes more sense to fine-tune
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the shallower representations (e.g., the last convolutional layers). It is also
interesting to note that tuning the first few convolutional layers is rarely
useful considering their domain-independent characteristics. Even though we
did not experiment with training-time fully convolutional networks such as
U-Net [147], arguments can be made that the same conclusions would apply
to such architectures.
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Chapter 5

Weakly-supervised Medical
Image Segmentation
5.1

Introduction and Background

Fully convolutional neural networks (FCNs), and in particular U-Nets [27,
147] have been increasingly used for semantic segmentation of both normal
organs and lesions and achieved top ranking results in medical imaging
challenges [92, 126]. The use of FCNs for image segmentation allows efficient
training and learning of contextual features. FCNs are commonly trained
using masks for which the ground truth is available for all of the pixels of the
whole input image. Creating accurate pixel-level labels for medical images is
time-consuming, expensive, and requires a high level of expertise. Annotation
cost can be substantially reduced by using weaker supervision, i.e. by not
needing full pixel-level labels.
Different weakly-supervised methods have been proposed for learning
semantic segmentation with various forms of weak annotations. Unlabeled
data can be at the level of images or pixels. In medical imaging research,
much of the focus has been on studying image-level unlabeled data, i.e when
training data consist of images with full annotations and images without
any labels [9, 12, 23, 42, 130, 197, 198]. Other forms of weak supervision
have also been studied, including response evaluation criteria in solid tumors
(RECIST) [18], bounding boxes [143], and image-level tags [134]. Less studied
are the cases with pixel-level unlabeled data, i.e. annotations in forms of
partial labels [84, 199], scribbles [20, 73], or points [148]. Examples of full
and partial annotations for cardiac MRI segmentation are shown in Figure
5.1.
A growing body of literature deals with the problem of training segmentation models with a mixture of labeled and unlabeled medical imaging data.
Most methods propose hybrid loss functions with both supervised and semisupervised components [9, 20, 23]. Different forms of pseudo-labels have been
used as weak annotation for learning from unlabeled data. These methods
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(a)

(b)

(c)

(d)

Figure 5.1: Sample cardiac MRI image (a) with different forms of annotations
(b-d); Yellow, purple, green, and blue colors correspond to the right ventricle,
endocardium, left ventricle, and background, respectively. Fully supervised
training of FCNs for semantic segmentation requires annotation of all pixels
(b). The goal of this study is to develop weakly-supervised segmentation
methods for training FCNs with a single point (c) and scribble (d). In this
study, points refer to single-pixel marks for each class on each image slice.
Scribbles have a width of one pixel. In this example, the sizes of points and
scribbles are exaggerated for better visualization.
include initial coarse segmentation [18, 73], self-learning [9], and uncertaintyaware label propagation [130, 197]. Other methods use prior knowledge
about anatomical structures [198, 199], adversarial training [130], conditional
random field (CRF) post-processing [9, 20, 73, 143], and attention-based
learning [23, 130].
Bai et al. [9] and Baur et al. [12] were among the first to leverage unlabeled
data for improving FCN performance for medical image segmentation tasks.
Baur et al. [12] proposed a semi-supervised method for multiple sclerosis
lesion segmentation by adding an auxiliary manifold embedding loss to the
supervised Dice loss. Using an iterative self-learning method Bai et al. [9]
showed improvements in cardiac segmentation quality by including unlabeled
MRI samples. Cai et al. [18] proposed a weakly supervised slice-propagated
segmentation method for lymph node segmentation with RECIST annotations.
Can et al. [20] presented a scribble-supervised learning framework which
includes a region growing step for creating uncertainty maps for labels and
an Expectation-Maximization approach for learning the network parameters.
In another scribble-supervised segmentation work, Ji et al. [73] used partial
cross-entropy (CE) [177] and dense CRF loss for the task of brain tumor
segmentation. Kervadec et al. [84] proposed a novel loss function that includes
constraints on sizes of structures and showed promising results for cardiac
segmentation in MRI. Sedai et al. [158] and [197] successfully used uncertaintyaware pseudo-labels for semi-supervised segmentation of retinal layer and
atrium, respectively. Zhen et al. proposed a semi-supervised adversarial
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learning model with atlas priors for liver segmentation in CT scans [198]. Zhu
et al. [199] proposed a prior aware loss function by regularizing the organ size
distributions of the model output for an abdominal segmentation problem in
CT scans.
In this chapter, we study the problem of weakly-supervised semantic
segmentation with point and scribble supervision in FCNs. Specifically,
we explore how far we can go with a single annotated point or a single
annotated scribble per slice of a volumetric data set. We also propose
partial Dice loss, a variant of Dice loss [124] for deep weakly-supervised
segmentation with sparse pixel-level annotations. We furthermore compare
partial Dice loss with partial CE [27, 159, 177] in terms of segmentation
quality. Finally, we assess point and scribble-supervised segmentation on five
different semantic segmentation tasks from medical images of the heart, the
prostate, and the kidney. In a majority of these experiments, partial Dice loss
provides statistically significant performance improvement over partial CE.
The use of single point supervision results in 51%−95% of the performance
of fully supervised training and the use of single scribble supervision achieves
86%−97% of the performance of fully supervised training.

5.2

Method

Semantic segmentation can be formulated as a pixel-level classification problem. In this setup, the pixels in the training image and label pairs can be
M is the
considered as N i.i.d data points D = {xn , yn }N
n=1 , where x ∈ R
M-dimensional input and each pixel yi in y ∈ RM , can be one and only one
of the k possible classes, k ∈ {1, ..., K}. In weakly-supervised learning with
partial annotations, the ground truth for labels is only available for a subset
of pixels in y. Here, we use FCNs for image segmentation, which allows for
end-to-end learning, with each pixel of the input image being mapped by
the FCN to the output segmentation map and it is more straightforward to
implement segment-level loss functions such as Dice loss in this architecture.
Neural networks can be formulated as parametric conditional probability
models, p(yj = k|xj , θ), where the parameter set θ is chosen to minimize a
loss function, and p(ŷi = k|xi , θ) is the probability of pixel i belonging to
class k. Subsequently, p(yi = k|xi , θ∗ ) is used for inference, where θ∗ is the
optimized parameter set.
The Dice coefficient was originally developed as a measure of similarity
between two sets; it is twice the size of the intersection divided by the sum
of the sizes of the two sets. The soft Dice loss function [124] is a generalized
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measure where the probabilistic output of a segmenter is compared to the
training data, set memberships are augmented with label probability, and
a smoothing factor is added to the denominator to make the loss function
differentiable.
With the Dice loss, the parameter set θ is chosen to minimize the negative
of weighted Dice of different structures. Here, we propose the partial Dice
loss, in which the parameter set is chosen to minimize the negative of Dice of
different structures over only the pixels where the ground truth is known:
LP DL = −2

K
X

PN

i=1 [mi

PN
k=1

· p(ŷi = k|xi , θ) · (yi = k)]

i=1 mi · [p(ŷi = k|xi , θ) + (yi = k)] + 

,

(5.1)

where mi is the the mask that is applied to each pixel. mi is 1 for pixels
where ground truth (partial annotation) is available and 0 for unlabeled
pixels. (yi = k) is the binary indicator which denotes if the class label k is
the correct class of the ith pixel, N is the number of pixels that are used in
each mini-batch, and  is the smoothing factor.
A similar masked Dice loss function was previously proposed as part of a
semi-supervised training approach in ASDNet [130]. There, masking was used
to filter out unconfident pseudo-label pixels which were generated through
label propagation for images without any ground truth. Here, masking is
used to limit the Dice loss calculation (LP DL above) to only the labeled pixels
in a weakly-supervised framework where labels (or ground truth annotations)
are available only for small subsets of pixels via points and scribbles.
Similar to partial Dice loss, partial CE loss, LP CL , can be defined to
calculate loss only over the sparse ground truth. Partial CE has been
successfully used in segmentation of biomedical [27] and natural images [177].
With weighted partial CE loss, the parameter set θ is chosen to maximize the
average log likelihood over the training pixels where ground truth is known:
LP CL = −

N
X
i=1

mi · ln (p(ŷi = k|xi , θ)) · (yi = k) ,

(5.2)

where mi is the the mask that is applied to each pixel, p(ŷi = k|xi , θ) is the
probability of pixel belonging to class k, (yi = k) is the binary indicator
which denotes if the class label k is the correct class of ith pixel, and N is
the number of pixels that are used in each mini-batch.
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Applications and Data

We performed experiments on five different semantic segmentation tasks
from medical images of the heart, the kidney, and the prostate. These five
segmentations include three structures in the heart - the left ventricle, the
right ventricle, and the endocardium, along with the kidney, and the prostate
gland, as described next. For heart segmentation, data from the MICCAI
2017 ACDC challenge for automated cardiac diagnosis were used [194]. This
is a four-class segmentation task; cine MR images (CMRI) of patients are
to be segmented into the left ventricle, the endocardium, the right ventricle,
and the background. This dataset consists of end-diastole and end-systole
images of 100 patients. We used only the end-diastole images in our study.
For kidney segmentation, data from the MICCAI 2019 KiTS challenge for
kidney tumor segmentation were used [61]. The training dataset consists of
210 arterial phase abdominal CT of kidney cancer patients. In this study, we
only considered the problem of kidney segmentation and not tumors. Hence,
we considered healthy and cancerous kidney tissue as the same class. For
prostate segmentation, the public PROSTATEx dataset [106] together with
40 prostate gland full annotations from Meyer et al. [123] were used. This is
a two-class segmentation task; Axial T2-weighted images of men suspected
of having prostate cancer are to be segmented into the prostate gland and
background. For all three segmentation tasks, the patients were split into
training (40%), validation (10%), and testing (50%) sets. Prostate and cardiac
images were resampled to common in-plane resolutions of 0.5 × 0.5 mm and
2 × 2 mm, respectively. Kidney images were resampled to the resolution of
1 × 1 × 1 mm. All axial slices were then cropped at the center to create
images of size 224 × 224 pixels as the input size of the FCN. Image grayscales
were normalized to be within the range of [0,1].

5.4
5.4.1

Experimental Setup
Partial Annotation Generation

For all the training and validation data, partial annotations were generated
automatically in form of single points and single scribbles per slice per class.
Points were generated by randomly sampling a single pixel from each of the
foreground classes and the background class for all of the 2D slices of each 3D
volume. A single scribble was generated at each 2D slice by first randomly
sampling for the start and endpoints of the scribble. Then the A* path search
algorithm was used to construct a path between these points [16]. Scribbles
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were generated for foreground and background classes only on 2D slices where
there was a foreground class. Slices with no foreground were left unlabeled.
Figure 5.1 shows examples of automatically generated points and scribbles
and their corresponding full mask.

5.4.2

Training

For all experiments, we used a baseline FCN model similar to the twodimensional U-Net architecture [147] but with fewer kernel filters at each
layer. The input and output of the FCN have a size of 224 × 224 pixels.
The network has the same number of layers as the original U-Net but with
fewer kernels. The number of kernels for the encoder section of the network
were 8, 8, 16, 16, 32, 32, 64, 64, 128, and 128. The parameters of the
convolutional layers were initialized randomly from a Gaussian distribution
[59]. For optimization, stochastic gradient descent with the Adam update rule
[86] was used. During the training, we used a mini-batch of 16 examples. The
initial learning rate was set to 0.005 and it was reduced by a factor of 0.5 − 0.8
if the average validation Dice score did not improve by 0.001 in 10 epochs.
We used 1000 epochs for training the models with an early stopping policy.
For weakly-supervised training experiments, partial annotations were used
for both training and validation labels. For each run, the model checkpoint
was saved at the epoch where the validation loss was lowest. For each of
the three segmentation problems, and for each type of partial ground truth,
the model was trained 10 times with partial CE and 10 times with Dice loss,
each with random weight initialization and random shuffling of the training
data. Ensembling [121] was used to combine the test predictions. The same
ensembling procedure was used for fully supervised training. All the deep
models were implemented and optimized using the Keras framework [26].

5.4.3

Partial Loss Functions

CE loss and Dice loss are the two most commonly used loss functions in
training FCNs for semantic segmentation. Dice loss [124] is robust to class
imbalance and directly optimizes the model for semantic segmentation performance. CE indirectly improves segmentation through pixel-level classification
and models trained with CE loss generally produce better-calibrated class
probabilities [121]. Here, we compare the segmentation quality of models
trained with partial annotations with partial CE loss with those trained
with partial Dice Loss. We also compare weakly-supervised training with
fully-supervised segmentation with Dice loss. We assess the segmentation
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quality of the model with the Dice coefficient and 95th percentile Hausdorff
distance (H95).

5.5

Results

Partial annotations were generated as points and scribbles for all five segmentation tasks. For held-out test images, Dice and HD95 were calculated.
Bootstrapping (n=1000) was performed and 95% confidence intervals (CIs)
were calculated. P-values of less than 0.05 were regarded as statistically
significant. Table 5.1 provides the proportions of partial annotations to full
labels; it also compares the averages of Dice coefficients of foreground segments for single and ensemble models trained with partial Dice loss, partial
CE loss, and models trained with full masks.
For cardiac segmentation with point supervision, Dice coefficients of
endocardium and left ventricle were significantly better for models trained
with partial Dice loss. Models trained with partial CE showed significantly
better performance in the right ventricle. Point and scribble supervision
achieved ranges of 71%−97% and 78%−97% of the performance of fully
supervised annotation.
For prostate segmentation with point or scribble supervision, no statistically significant differences were found between models trained with either
Dice loss or CE. Point and scribble supervision achieved 74% and 90% of the
performance of fully supervised annotation.
For kidney segmentation, partial Dice loss was significantly better for
both point and scribbles. Point and scribble supervision achieved ranges of
42%−51% and 84%−87% of the performance of fully supervised annotation.
Table 5.2 compares the averages of HD95 of foreground segments for single
and ensemble models trained with partial Dice loss, partial CE loss, and
models trained with full masks. For the endocardium, the prostate gland, and
the kidney, models trained with partial Dice loss and point supervision showed
significantly better segmentation in terms of HD95. For the right ventricle,
models trained with partial Dice loss and scribble showed significantly better
results. The differences between the two partial loss functions were not
statistically significant for the rest of the segments. Figure 5.2 visually
compares the ensemble models trained with point supervision and full masks
through some representative examples over the five segmentation tasks.
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Table 5.1: Segmentation quality of models in terms of the Dice coefficient (95% CI) of foreground structures:
Weakly-supervised training with partial annotations (points and scribbles) is compared with fully supervised training.
Models trained with partial CE loss (PCL) [27] are compared with those that were trained with the proposed partial
Dice loss (PDL). Fractions of partial annotations to full labels are given (abbreviated to fr.). Boldface indicates
statistically significant differences between model pairs (p-value<0.05).
R. Ventricle

Endocardium

L. Ventricle

Prostate

Kidney

Point Supervision
fr.
PCL
PDL

0.19%

0.27%

0.20%

0.02%

0.13%

0.94 (0.87−0.96)
0.92 (0.87−0.96)

0.64 (0.45−0.79)
0.70 (0.49−0.82)

0.69 (0.40−0.87)
0.74 (0.44−0.87)

0.71 (0.56−0.85)
0.71 (0.52−0.84)

0.38 (0.22−0.64)
0.46 (0.31−0.63)

Scribble Supervision
fr.
PCL
PDL

2.93%

4.91%

2.56%

0.75%

2.07%

0.91 (0.89−0.95)
0.94 (0.92−0.96)

0.80 (0.70−0.89)
0.83 (0.71−0.89)

0.91 (0.80−0.95)
0.91 (0.73−0.96)

0.81 (0.69−0.88)
0.83 (0.72−0.90)

0.76 (0.60−0.91)
0.78 (0.66−0.88)

0.96 (0.92−0.97)

0.90 (0.77−0.96)

Full Supervision
0.97 (0.94−0.98)

0.90 (0.74−0.95)

0.95 (0.90−0.97)
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Table 5.2: Segmentation quality of models in terms of 95th Hausdorff distance (95% CI) of foreground structures.
Models trained with partial cross-entropy (PCL) [27] are compared with those that were trained with the proposed
partial Dice loss (PDL). Boldface indicates statistically significant differences between model pairs (p-value<0.05).
R. Ventricle

Endocardium

L. Ventricle

Prostate

Kidney

17.4 (11.4−22.7)
14.1 (8.0−25.5)

35.7 (11.7−57.3)
31.1 (11.0−53.8)

11.9 (6.1−31.6)
13.1 (6.1−20.6)

29.1 (3.3−52.8)
27.3 (4.1−49.1)

2.3 (1.6−3.4)

20.7 (1.4−47.2)

Point Supervision
PCL
PDL

6.8 (2.0−14.2)
5.9 (2.0−13.4)

15.4 (8.0−29.7)
8.9 (4.0−15.2)

29.3 (15.1−70.0)
25.0 (10.2−54.7)

Scribble Supervision
PCL
PDL

4.9 (2.8−11.5)
3.7 (2.0−10.3)

4.1 (2.8−10.8)
3.6 (2.0−12.0)

7.4 (2.8−15.2)
8.3 (2.0−22.4)
Full Supervision

2.3 (2.0−10.2)

2.2 (2.0−2.8)

3.7 (2.0−14.3)
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Figure 5.2: Examples of segmentation from scribble-supervised training of models with partial cross-entropy loss
(CE), partial Dice loss (DSC), and models trained with full masks. The rows from top to bottom show the results
for segmentation of the right ventricle, the prostate gland, and the kidney, respectively.
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Discussion and Conclusion

Through extensive experiments, we have assessed weakly-supervised segmentation with partial annotations for medical image segmentation with FCNs.
We proposed partial Dice loss for weakly-supervised segmentation with partial
annotations, specifically points and scribbles. Moreover, we compared partial
Dice loss with partial CE loss and compared them with fully supervised
segmentation. We have performed these assessments using five segmentation
tasks across three medical image domains tasks to ensure the generalizability
of the findings. The results show that in a majority of the experiments, partial
Dice provides statistically significant improvement in segmentation quality
over partial CE in terms of Dice coefficient and 95th percentile Hausdorff
distance.
Further work needs to be carried out to include self-learning methodologies in the proposed weakly-supervised FCN framework. Such self-learning
methods can be combined by uncertainty estimation methods [121] to produce
confidence-aware pseudo-labels that can be used to further boost performance.
We conclude that partial annotations including points and scribbles are a
promising direction for weakly-supervised segmentation using FCNs.
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Chapter 6

Uncertainty Estimation for
Image Segmentation
6.1

Introduction and Background

Fully convolutional neural networks (FCNs), and in particular the U-Net [147],
have become a de facto standard for semantic segmentation in general and in
medical image segmentation tasks in particular. The U-Net architecture has
been used for segmentation of both normal organs and lesions and achieved top
ranking results in several international segmentation challenges [76, 92, 126].
Despite numerous applications of U-Nets, very few works have studied the
capability of these networks in capturing predictive uncertainty.
Predictive uncertainty or prediction confidence is described as the ability
of a decision-making system to provide an expectation of success (i.e. correct
classification) or failure for the test examples at inference time. Using a
frequentist interpretation of uncertainty, predictions (i.e. class probabilities)
of a well-calibrated model should match the probability of success of those
inferences in the long run [54]. For instance, if a well-calibrated brain
tumor segmentation model classifies 100 pixels each with the probability
of 0.7 as cancer, we expect 70 of those pixels to be correctly classified
as cancer. However, a poorly calibrated model with similar classification
probabilities is expected to result in many more or less correctly classified
pixels. Miscalibration frequently occurs in many modern neural networks
(NNs) that are trained with advanced optimization methods [54]. Poorlycalibrated NNs are often highly confident in misclassification [5]. In some
applications, for example, medical image analysis, or automated driving,
overconfidence can be dangerous.
The soft Dice loss function [124], also known as Dice loss, is a generalized
measure where the probabilistic output of a segmenter is compared to the
This chapter is adapted from Alireza Mehrtash, William M. Wells III, Clare M.
Tempany, Purang Abolmaesumi, Tina Kapur. Confidence Calibration and Predictive
Uncertainty Estimation for Deep Medical Image Segmentation. IEEE Transactions on
Medical Imaging, 2020.
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training data, set memberships are augmented with label probability, and
a smoothing factor is added to the denominator to make the loss function
differentiable. With the Dice loss, the model parameter set is chosen to minimize the negative of weighted Dice of different structures. Dice loss is robust
to class imbalance and has been successfully applied in many segmentation
problems [173]. Furthermore, Batch Normalization (BN) effectively stabilizes
convergence and also improves performance of networks for natural image
classification tasks [70]. BN and Dice loss have made FCN optimization
seamless. The addition of BN to the U-Net has improved optimization and
segmentation quality [27]. However, it has been reported that both BN and
Dice loss have adverse effects on calibration quality [15, 54, 153]. Consequently, FCNs trained with BN and Dice loss do not produce well-calibrated
probabilities leading to poor uncertainty estimation. In contrast to Dice loss,
cross-entropy loss provides better calibrated predictions and uncertainty estimates, as it is a strictly proper scoring rule [50]. Yet, the use of cross-entropy
as the loss function for training FCNs can be challenging in situations where
there is a high class imbalance, e.g., where most of an image is considered
background [173]. Hence, it is of great significance and interest to study
methods for confidence calibration of FCNs trained with BN and Dice loss.
Another important aspect of uncertainty estimation is the ability of a
predictive model to distinguish in-distribution test examples (i.e. those
similar to the training data) from out-of-distribution test examples (i.e. those
that do not fit the distribution of the training data) [62]. The ability of
the models to detect out-of-distribution inputs is specifically important for
medical imaging applications as deep networks are sensitive to domain shift,
which is a recurring situation in medical imaging [46]. For instance, networks
trained on one MRI protocol often do not perform satisfactorily on images
obtained with slightly different parameters or out-of-distribution test images.
Hence, in the face of an out-of-distribution sample, an ideal model knows
and announces “I do not know” and seeks human intervention – if possible –
instead of a silent failure. Figure 6.1 shows an example of out-of-distribution
detection from a U-Net model that was trained with BN and Dice loss for
prostate gland segmentation before and after confidence calibration.
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Figure 6.1: Calibration and out-of-distribution detection. Models for prostate gland segmentation were trained with
T2-weighted MR images acquired using phased-array coils. The results of inference are shown for two test examples
imaged with: (a) phased-array coil (in-distribution example), and (b) endorectal coil (out-of-distribution example).
The first column shows T2-weighted MRI images with the prostate gland boundary drawn by an expert (white line).
The second column shows the MRI overlaid with uncalibrated segmentation predictions of an FCN trained with
Dice loss. The third column shows the calibrated segmentation predictions of an ensemble of FCNs trained with
Dice loss. The fourth column shows the histogram of the calibrated class probabilities over the predicted prostate
segment of the whole volume. Note that the bottom row has a much wider distribution compared to the top row,
indicating that this is an out of distribution example. In the middle column, prediction prostate class probabilities
≤ 0.001 has been masked out.
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There has been a recent growing interest in uncertainty estimation and confidence measurement with deep NNs. Although most studies on uncertainty
estimation have been done through Bayesian modeling of the NN, there
has been some recent interest in using non-Bayesian approaches such as
ensembling methods. Here, we first briefly review Bayesian and non-Bayesian
methods and then review the recent literature for uncertainty estimation for
semantic segmentation applications.
In the Bayesian approach, the deterministic parameters of the NN are
replaced by prior probability distributions. Using Bayesian inference, given
the data samples, a posterior probability distribution over the parameters is
calculated. At inference time, instead of single scalar probability, the Bayesian
NN gives probability distributions over the output label probabilities [115],
which models NN predictive uncertainty. Gal and Ghahramani [41] proposed
to use dropout [169] as a Bayesian approximation. They proposed Monte
Carlo dropout (MC dropout) in which dropout layers are applied before every
weight together with non-linearities. The probabilistic Gaussian process is
approximated at inference time by running the model several times with
active dropout layers. Implementing MC dropout is straightforward and has
been applied in several application domains including medical imaging [102].
In a similar Bayesian approach, Teye et al. [180] showed that training NNs
with BN [70] can be used to approximate inference of Bayesian NNs. For
networks with BN and without dropout, Monte Carlo Batch Normalization
(MCBN) can be considered an alternative to MC dropout. In another Bayesian
work, Heo et al. [64] proposed a method that allows the attention model to
leverage uncertainty. By learning the Uncertainty-aware Attention (UA) with
variational inference, they improved both model calibration and performance
in attention models. Seo et al. [160] proposed a variance-weighted loss
function that enables learning single-shot calibration scores. In combination
with stochastic depth and dropout, their method can improve confidence
calibration and classification accuracy. Recently, Liao et al. [104] proposed
a method for modeling such uncertainty in intra-observer variability of 2D
echocardiography using the proposed cumulative density function probability
method.
Non-Bayesian approaches have been proposed for probability calibration
and uncertainty estimation. Guo et al. [54] studied the problem of confidence calibration in deep NNs. Through experiments, they analyzed different
parameters such as depth, width, weight decay, and BN and their effect on
calibration. They also used temperature scaling to easily calibrate trained
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models. Ensembling has been used as an effective tool to improve classification performance of deep NNs in several applications including medical
image segmentation [78, 118]. Following the success of ensembling methods
[31] in improving baseline performance, Lakshminarayanan proposed Deep
Ensembles in which model averaging was used to estimate predictive uncertainty [96]. By training collections of models with random initialization of
parameters and adversarial training, they provided a simple approach to
assess uncertainty. This observation motivated some of the experimental
design in our work. Unlike MC dropout, using Deep Ensembles does not
require network architecture modification. In [96] authors showed that Deep
Ensembles outperforms MC dropout on two image classification problems.
On the downside, Deep Ensembles requires retraining a model from scratch,
which is computationally expensive for large datasets and complex models.
Predictive uncertainty estimation has been studied specifically for the
problem of semantic segmentation with deep NNs. Bayesian SegNet [82]
was among the first that addressed uncertainty estimation in FCNs by using
MC dropout. They applied MC dropout by adding dropout layers after the
pooling and upsampling blocks of the three innermost layers of the encoder
and decoder sections of the SegNet architecture. Using similar approaches
for uncertainty estimation, Kwon et al. [95] and Sedai et al. [157] used
Bayesian NNs for uncertainty quantification in segmentation of ischemic
stroke lesions and visualization of retinal layers, respectively. Sander et al.
[153] applied MC dropout to capture instance segmentation uncertainty in
ambiguous regions and compared different loss functions in terms of the
resultant miscalibration. Kohl et al. [89] proposed a Probabilistic U-Net that
combined an FCN with a conditional variance autoencoder to provide multiple
segmentation hypotheses for ambiguous images. In similar work, Hu et al.
[66] studied uncertainty quantification in the presence of multiple annotations
as a result of inter-observer disagreement. They used a probabilistic U-Net to
quantify uncertainty in the segmentation of lung abnormalities. Baumgartner
et al. [11] presented a probabilistic hierarchical model where separate latent
variable are used for different resolutions and variational autoencoder is used
for inference. Rottmann and Schubert [149] proposed a prediction quality
rating method for segmentation of nested multi-resolution street scene images
by measuring both pixel-wise and segment-wise measures of uncertainty as
predictive metrics for segmentation quality. Recently, Karimi et al. [79] used
ensembling for uncertainty estimation of difficult to segment regions and used
this information to improve clinical target volume estimation in prostate
ultrasound images. In another recent work, Jungo and Reyes [75] studied
uncertainty estimation for brain tumor and skin lesion segmentation tasks.
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In conjunction with uncertainty estimation and confidence calibration,
several works have studied out-of-distribution detection [30, 62, 100, 103,
162]. In a non-Bayesian approach, Hendrycks and Gimpel [62] used softmax
prediction probability baseline to effectively predict misclassificaiton and
out-of-distribution in test examples. Liang et al. [103] used temperature
scaling and input perturbations to enhance the baseline method of Hendrycks
and Gimpel [62]. In the context of a generative NN scheme, Lee et al.[100]
used a loss function that encourages confidence calibration and this resulted in
improvements in out-of-distribution detection. Similarly, DeVries and Taylor
[30] proposed a hybrid with a confidence term to improve out-of-distribution
detection. Shalev et al. [162] used multiple semantic dense representations of
the target labels to detect misclassified and adversarial examples.

6.3

Contributions

In this chapter, we study predictive uncertainty estimation for semantic
segmentation with FCNs and propose ensembling for confidence calibration
and reliable predictive uncertainty estimation of segmented structures. In
summary, we make the following contributions:
• We analyze the choice of loss function for semantic segmentation in
FCNs. We compare the two most commonly used loss functions in
training FCNs for semantic segmentation: cross-entropy loss and Dice
loss. We train models with these loss functions and compare the resulting segmentation quality and predictive uncertainty estimation. We
observe that FCNs trained with Dice loss perform significantly better
segmentation compared to those trained with cross-entropy but at the
cost of poor calibration.
• We propose model ensembling [96] for confidence calibration of FCNs
trained with Dice loss and batch normalization. By training collections
of FCNs with random initialization of parameters and random shuffling
of training data, we create an ensemble that improves both segmentation
quality and uncertainty estimation. We also compare ensembling with
MC dropout [41, 82]. We empirically quantify the effect of the number
of models on calibration and segmentation quality.
• We propose to use average entropy over the predicted segmented object
as a metric to predict segmentation quality of foreground structures,
which can be further used to detect out-of-distribution test inputs.
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Table 6.1: Number of patients for training, validation, and test sets used in
this study.
Application

Heart

Prostate

CBICA

TCIA

ACDC

PROSTATEx

PROMISE12†

# Training

66

−

40

16

−

# Validation

22

−

10

4

−

# Test

−

102

50

20

35

Dataset

†

Brain

Used only for out-of-distribution detection experiments.

Our results demonstrate that object segmentation quality correlates
inversely with the average entropy over the segmented object and can
be used effectively for detecting out-of-distribution inputs.
• We demonstrate our method for uncertainty estimation and confidence
calibration on three different segmentation tasks from MRI images of
the brain, the heart, and the prostate. Where appropriate, we report
the statistical significance of our findings.

6.4

Applications & Data

Table 6.1 shows the number of patient images in each dataset and how we
split these into training, validation, and test sets. In the following subsections,
we briefly describe each segmentation task, data characteristics, and preprocessing.

6.4.1

Brain Tumor Segmentation Task

For brain tumor segmentation, data from the MICCAI 2017 BraTS challenge
[10, 122] was used. This is a four-class segmentation task; multiparametric
MRI of brain tumor patients are to be segmented into enhancing tumor, nonenhancing tumor, edema, and background. The training dataset consists of
190 multiparametric MRI (T1-weighted, contrast-enhanced T1-weighted, T2weighted, and FLAIR sequences) from brain tumor patients. The dataset is
further subdivided into two sets: CBICA and TCIA. The images in CBICA set
were acquired at the Center for Biomedical Image Computing and Analytics
(CBICA) at the University of Pennsylvania [10]. The images in the TCIA set
were acquired across multiple institutions and hosted by the National Cancer
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Institute, The Cancer Imaging Archive (TCIA). The CBICA subset was used
for training and validation and the TCIA subset was reserved as the test set.

6.4.2

Ventricular Segmentation Task

For heart ventricle segmentation, data from the MICCAI 2017 ACDC challenge for automated cardiac diagnosis was used [194]. This is a four-class
segmentation task; cine MR images (CMRI) of patients are to be segmented
into the left ventricle, the myocardium, the right ventricle, and the background. This dataset consists of end-diastole (ED) and end-systole (ES)
images of 100 patients. We used only the ED images in our study.

6.4.3

Prostate Segmentation Task

For prostate segmentation, the public datasets, PROSTATEx [106] and
PROMISE12 [108] were used. This is a two-class segmentation task; Axial
T2-weighted images of men suspected of having prostate cancer are to be
segmented into the prostate gland and the background. For PROSTATEx
dataset, 40 images with annotations from Meyer et al. [123] were used. All
these images were acquired at the same institution. PROSTATEx dataset was
used for both training and testing purposes, and PROMISE12 dataset was set
aside for test only. PROMISE12 dataset is a heterogeneous multi-institutional
dataset acquired using different MR scanners and acquisition parameters. We
used the 50 training images for which ground truth is available.

6.4.4

Data Pre-processing

Prostate and cardiac images were resampled to the common in-plane resolution
of 0.5 × 0.5 mm and 2 × 2 mm, respectively. Brain images were resampled
to the resolution of 1 × 1 × 2 mm. All axial slices were then cropped at the
center to create images of size 224 × 224 pixels as the input size of the FCN.
Image intensities were normalized to be within the range of [0,1].

6.5
6.5.1

Methods
Model

Semantic segmentation can be formulated as a pixel-level classification problem, which can be solved by convolutional neural networks [107]. The pixels
in the training image and label pairs can be considered as N i.i.d data points
M is the M-dimensional input and y can
D = {xn , yn }N
n=1 , where x ∈ R
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be one and only one of the k possible classes k ∈ {1, ..., K}. The use of
FCNs for image segmentation allows for end-to-end learning, with each pixel
of the input image being mapped by the FCN to the output segmentation
map. Compared to FCNs, patch-based NNs are much slower at inference
time as they require sliding window mechanisms for predicting each pixel
[112]. Moreover, it is more straightforward to implement segment-level loss
functions such as Dice loss in FCN architectures. FCNs for segmentation
usually consist of an encoder (contracting) path and a decoder (expanding)
path [112, 147]. FCNs with skip-connections are able to combine high level
abstract features with low-level high-resolution features, which has been
shown to be successful in segmentation tasks [27, 147]. NNs can be formulated as parametric conditional probability models, p(yj |xj , θ), and the
parameter set θ is chosen to minimize a loss function. Both cross-entropy
(CE) and negative of Dice Similarity Coefficient (DSC), known as Dice loss,
have been used as loss functions for training FCNs. Class weights are used for
optimization convergence and dealing with the class imbalance issue. With
CE loss, parameter set is chosen to maximize the average log-likelihood over
training data:
LCE = −

N K
1 XX
ωk ln (p(ŷi = k|xi , θ)) · (yi = k) ,
N

(6.1)

i=1 k=1

where p(ŷi = k|xi , θ) is the probability of pixel i belonging to class k, (yi = k)
is the binary indicator which denotes if the class label k is the correct class
of ith pixel, ωk is the weight for class k, and N is the number of pixels that
are used in each mini-batch.
With the Dice loss, the parameter set is chosen to minimize the negative
of weighted Dice of different structures:
LDSC = −2

P
K
X
ωk N
[p(ŷi = k|xi , θ) · (yi = k)]
,
PN i=1
[p(ŷ
=
k|x
,
θ)
+
(y
=
k)]
+

i
i
i
i=1
k=1

(6.2)

where p(ŷi = k|xi , θ) is the probability of pixel belonging to class k, (yi = k)
is the binary indicator which denotes if the class label k is the correct class of
ith pixel, ωk is the weight for class k, N is the number of pixels that are used
in each mini-batch, and  is the smoothing factor to make the loss function
differentiable. Subsequently, p(yi |xi , θ∗ ) is used for inference, where θ∗ is the
optimized parameter set.
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6.5.2

Calibration Metrics

The output of an FCN for each input pixel is a class prediction yˆj and
its associated class probability p(yj |xj , θ). The class probability can be
considered the model confidence or probability of correctness and can be used
as a measure for predictive uncertainty at the pixel level. Strictly proper
scoring rules are used to assess the calibration quality of predictive models
[50]. In general, scoring rules assess the quality of uncertainty estimation
in models by awarding well-calibrated probabilistic forecasts. Negative loglikelihood (NLL), and Brier score [17], are both strictly proper scoring rules
that have been previously used in several studies for evaluating predictive
uncertainty [41, 54, 96]. In a segmentation problem, for a collection of N
pixels, NLL is calculated as:
N K
1 XX
N LL = −
ln (p(ŷi = yk |xi , θ)) · (ŷi = yk )
N

(6.3)

i=1 k=1

Brier score (Br) measures the accuracy of probabilistic predictions:
Br =

N
K
1 X 1 X
[p(ŷi = yk |xi , θ) − (ŷi = yk )]2
N
K
i=1

(6.4)

k=1

In addition to NLL and Brier score, we directly assess the predictive
power of a model by analyzing test examples confidence values versus their
measured expected accuracy values. To do so, we use reliability diagrams as
visual representations of model calibration and Expected Calibration Error
(ECE) as summary statistics for calibration [54, 127]. Reliability diagrams
plot expected accuracy as a function of class probability (confidence). The
reliability diagram of a perfectly calibrated model is the identity function. For
expected accuracy measurement, the samples are binned into N groups and
the accuracy and confidence for each group are computed. Assuming Dm to be

m
indices of samples whose confidence predictions are in P
the range of m−1
M ,M ,
the expected accuracy of the Dm is Acc(Dm ) = |D1m | i∈Dm 1(ŷi = yi ). The
P
average confidence on bin Dm is calculated as P (Dm ) = |D1m | i∈Dm p(ŷi =
yi |xi , θ). ECE is calculated by summing up the weighted average of the
differences between accuracy and the average confidence over the bins:
ECE =

M
X
|Dm |
ACC(Dm ) − P (Dm ) ,
N

(6.5)

m=1
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where N is the total number of samples. In other words, ECE is the average
of gaps on the reliability diagram.

6.5.3

Confidence Calibration with Ensembling

We propose to empirically determine whether ensembling [31] results in
confidence calibration of otherwise poorly calibrated FCNs trained with Dice
loss. To this end, similar to the Deep Ensembles method [96], we train M
FCNs with random initialization of the network parameters and random
shuffling of the training dataset in mini-batch stochastic gradient descent.
However, unlike the Deep Ensemble method, we do not use any form of
adversarial training. We train each of the M models in the ensemble from
scratch and then compute the probability of the ensemble pE as the average
of the baseline probabilities as follows:
M
1 X
∗
pE (yj = k|xj ) =
p(yj = k|xj , θm
),
M

(6.6)

m=1

∗ ) are the individual probabilities.
where p(yi = k|xi , θm

6.5.4

Segment-level Predictive Uncertainty Estimation

For segmentation applications, besides the pixel-level confidence metric, it
is desirable to have a confidence metric that captures model uncertainty at
the segment-level. Such a metric would be very useful in clinical applications
for decision making. For a well-calibrated system, we anticipate that a
segment-level confidence metric can predict the segmentation quality in the
absence of ground truth. The metric can be used to detect out-of-distribution
samples and hard or ambiguous cases. Such metrics have been previously
proposed for street scene segmentation [149]. Given the pixel-level class
predictions ŷi and their associated ground truth class yi for a predicted
segment Ŝk = {s ∈ (xi , ŷi )|ŷi = k}, we propose to use the average of pixelwise entropy values over the predicted foreground 4 segment Ŝk as a scalar
metric for volume-level confidence of that segment as:
4

Following the convention in the semantic segmentation literature, we are using foreground and background labels regardless of the fact that the problem is binary or k-class
segmentation [112].
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H(Ŝk ) = −

1

X

Ŝk

i∈Ŝk

[p(ŷi
(6.7)

= k|xi , θ) · ln (p(ŷi = k|xi , θ)) + (1 − p(ŷi
= k|xi , θ)) · ln (1 − p(ŷi = k|xi , θ))].
In calculating the average entropy of Ŝk , we assumed binary classification:
the probability of belonging to class k, p(ŷi = k|xi , θ) and the probability of
belonging to other classes 1 − p(ŷi = k|xi , θ).

6.6
6.6.1

Experiments
Training Baselines

For all of the experiments, we used a baseline FCN model similar to the
two-dimensional U-Net architecture [147] but with fewer kernel filters at each
layer. The input and output of the FCN have a size of 224×224 pixels. Except
for the brain tumor segmentation that used a three-channel input (T1CE,
T2, FLAIR), for the rest of the problems the input was a single channel. The
network has the same number of layers as the original U-Net but with fewer
kernels. The number of kernels for the encoder section of U-Net were 8, 8, 16,
16, 32, 32, 64, 64, 128, and 128. The parameters of the convolutional layers
were initialized randomly from a Gaussian distribution [59]. For each of the
three segmentation problems, the model was trained 100 times with CE and
100 times with Dice loss, each with random weight initialization and random
shuffling of the training data. For the models that were trained with Dice
loss, the softmax activation function of the last layer was substituted with
sigmoid function as it improved the convergence substantially. For CE loss,
class weights ωk , were calculated as inverse frequencies of the class labels for
the combined pixels in training and validation data. For Dice loss, uniform
class weights, ωk , were used for all the foreground segments, except for the
myocardium class in heart segmentation where the class weight was three
times the other two foreground classes. For optimization, stochastic gradient
descent with the Adam update rule [86] was used. During the training, we
used a mini-batch of 16 examples for prostate segmentation and 32 examples
for brain tumor and cardiac segmentation tasks. The initial learning rate
was set to 0.005 and it was reduced by a factor of 0.5 − 0.8 if the average
validation Dice score did not improve by 0.001 in 10 epochs. We used 1000
epochs for training the models with an early stopping policy. For each run,
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the model checkpoint was saved at the epoch where the validation DSC was
the highest.

6.6.2

Cross-entropy vs. Dice

CE loss aims to minimize the average negative log-likelihood over the pixels,
while Dice loss improves segmentation quality in terms of the Dice coefficient
directly. As a result, we expect to observe models trained with CE to
achieve a lower NLL and models trained with Dice loss to achieve better Dice
coefficients. Here, our main focuses are to observe the segmentation quality
of a model that is trained with CE in terms of Dice loss and the calibration
quality of a model that was trained with Dice loss. We compare models
trained with CE with those trained with Dice on three segmentation tasks.

6.6.3

MC dropout

MC dropout was implemented by modifying the baseline network as it was
done in Bayesian SegNet [82]. Dropout layers were added to the three
inner-most encoder and decoder layers with a dropout probability of 0.5. At
inference time, Monte Carlo sampling was done with 50 samples and the
mean of the samples was used as the final prediction.

6.6.4

Confidence Calibration

We used ensembling (Equation 6.6) to calibrate batch normalized FCNs
trained with Dice loss. For the three segmentation problems, we made
ensemble predictions and compared them with baselines in terms of calibration
and segmentation quality. For calibration quality, we compared NLL, Brier
score, and ECE%. For segmentation quality, we compared dice and 95th
percentile Hausdorff distance. Moreover, for calibration quality assessment
we calculated the metrics on two sets of samples from the held-out test
datasets: 1) the whole test dataset (all pixels of the test volumes) 2) pixels
belonging to dilated bounding boxes around the foreground segments. The
foreground segments and the adjacent background around them usually
have the highest uncertainty and difficulty. At the same time, background
pixels far from foreground segments show less uncertainty but outnumber
the foreground pixels. Using bounding boxes removes most of the correct
(certain) background predictions from the statistics and will lead to a better
highlighting of the differences among models. For all three problems, we
constructed bounding boxes of the foreground structures. The boxes are then
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dilated by 8 mm in each direction of the in-plane axes and 2 slices (which
translates to 4mm to 20mm) in each direction of the out-of-plane axis.
We also measured the effect of ensembles by calculating pE (y|x) (Equation
6.6) for ensembles with number of models (M ) of 1, 2, 5, 10, 25, and 50.
To provide better statistics and reduce the effect of chance in reporting the
performance, for each ensemble, we sampled the 100 baseline models n times
and reported the averages and 0.95 CI of the NLL and Dice. For example, for
M=50, instead of reporting the means of NLL and Dice on a single set of 50
models (out of the 100 trained models), we sampled n sets of 50 models and
reported the averages and 0.95 CI of the NLL and Dice. For prostate and
heart segmentation tasks n was set to 50 and for brain tumor segmentation
n was set to 10.

6.6.5

Segment-level Predictive Uncertainty

For each of the segmentation problems, we calculated volume-level confidence
ˆ (Equation 6.7) vs. Dice. For
for each of the foreground labels and H(S)
prostate segmentation, we are also interested in observing the difference
between the two datasets of PROSTATEx test set (which is the same as the
source domain) and PROMISE-12 set (which can be considered as a target
set).
Finally, in all the experiments, for statistical tests and calculating 95%
confidence intervals (CI), we used bootstrapping (n=100). P-values of less
than 0.01 were regarded as statistically significant. In all the presented tables,
boldfaced text indicates the best results for each instance and shows that the
differences are statistically significant.

6.7

Results

Table 6.2 compares the calibration quality and segmentation performance
of baselines and ensembles (M=50) trained with CE loss with those that
were trained with Dice loss and those that were calibrated with MC dropout.
The averages and 95% CI values for NLL, Brier score, and ECE% for the
bounding boxes around the segments are provided. Table 6.2 also compares
the averages and 95% CI values of Dice coefficients of foreground segments for
baselines trained with cross-entropy loss, Dice loss, and baselines calibrated
with ensembling (M=50) for the whole volume. Calibration quality results
for whole volumes and segmentation quality results in terms of Hausdorff
distances are provided in Tables I and II of the Supplementary Material,
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respectively. For all tasks across all segments, in terms of segmentation
performance, baselines trained with Dice loss outperform those trained with
CE loss and ensembles of models trained with Dice loss outperform all
the other models. For all three segmentation tasks, calibration quality
was significantly better in terms of NLL and ECE% for baseline (single)
models trained with CE comparing to those that were trained with Dice loss.
However, the direction of change for Brier score was not consistent among
models trained with CE vs models trained with Dice loss. For bounding boxes
of brain tumor and prostate segmentation, the Brier scores were significantly
better for models trained with Dice loss compared to those trained with CE,
while in the case of the heart segmentation was the opposite. The ensemble
models show significantly better calibration qualities for all metrics across
all tasks. In all cases ensembling outperformed baselines and MC dropout
models in terms of calibration quality. We observe that ensembling improves
the calibration quality of the models trained with Dice loss significantly. MC
dropout consistently improves the calibration quality of the models trained
with Dice loss. However, for models trained with CE loss, MC dropout only
improves the calibration quality of prostate application models and not brain
and heart applications.
The graphs in Figure 6.2 show the quantitative improvement in the
calibration and segmentation as a function of the number of models in the
ensemble, for each of the three segmentation applications of the prostate,
the heart, and the brain tumors. As we see, for the prostate, the heart, and
the brain tumor segmentation, using even five ensembles (M=5) of baselines
trained with Dice loss can reduce the NLL by about 66%, 44%, and 62%,
respectively. Qualitative examples for improvement as a function of number
of models in ensemble are provided in the Supplementary Material Figures 5
and 6.
Figure 6.3 provides scatter plots of Dice coefficient vs. the proposed
segment-level predictive uncertainty metric, H(Ŝ) (Equation 6.7), for models
trained with Dice loss and calibrated with ensembling (M=50). For better
p
visualization, Dice values were logit transformed logit(p) = ln( 1−p
) as in
[131]. In all three segmentation tasks, we observed a strong correlation
(0.77 ≤ r ≤ 0.92) between logit of Dice coefficient and average of entropy
over the predicted segment. For the prostate segmentation task, a clustering
is obvious among the test set from the source domain (PROSTATEx dataset)
and those from the target domain (PROMISE12). Investigation of individual
cases reveals that most of the poorly segmented cases, which were predicted
correctly using H(Ŝ), can be considered out-of-distribution examples as they
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were imaged with endorectal coils.
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Figure 6.2: Improvements in calibration as a function of the number of models in the ensemble for baselines trained
with cross-entropy and Dice loss functions. Calibration quality in terms of NLL improves as number of models
M increases for prostate, heart, and brain tumor segmentation. For each task an ensemble of size M=10 trained
with Dice loss outperforms the baseline model (M=1) trained with cross-entropy in terms of NLL. Same plot with
0.95 CIs and for both whole volume and bounding box measurements are given in Figure 4 of the Supplementary
Material.
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Table 6.2: Calibration quality and segmentation performance for baselines trained with cross-entropy (LCE ) are
compared with those that were trained with Dice loss (LDSC ) and those that were calibrated with ensembling
(M=50) and MC dropout. Boldfaced font indicates the best results for each application (model) and shows that the
differences are statistically significant.
Calibration Quality †

Segment I∗

Segment II∗

Segment III∗

(LCE )
(MCD? LCE )
(EN LCE )
(LDSC )
(MCD LDSC )
(EN LDSC )

0.52 (0.16−1.66)
0.81 (0.16−2.62)
0.29 (0.11−0.71)
0.62 (0.17−2.70)
1.14 (0.28−4.04)
0.31 (0.16−0.78)

0.23 (0.08−0.62)
0.36 (0.08−0.92)
0.15 (0.05−0.40)
0.23 (0.06−0.55)
0.18 (0.06−0.49)
0.14 (0.08−0.35)

8.11 (1.54−26.23)
13.41 (0.80−43.26)
3.28 (0.52−10.06)
13.20 (2.60−33.55)
8.96 (2.41−23.87)
3.71 (0.94−15.27)

0.37 (0.00−0.84)
0.34 (0.00−0.81)
0.49 (0.00−0.92)
0.45 (0.00−0.89)
0.43 (0.00−0.88)
0.51 (0.00−0.93)

0.47 (0.07−0.82)
0.34 (0.03−0.76)
0.59 (0.11−0.86)
0.60 (0.10−0.90)
0.58 (0.08−0.89)
0.66 (0.11−0.91)

0.58 (0.03−0.87)
0.54 (0.02−0.86)
0.68 (0.04−0.91)
0.67 (0.07−0.91)
0.64 (0.03−0.91)
0.74 (0.16−0.92)

Heart
Heart
Heart
Heart
Heart
Heart

(LCE )
(MCD LCE )
(EN LCE )
(LDSC )
(MCD LDSC )
(EN LDSC )

0.36 (0.16−1.18)
0.36 (0.17−1.10)
0.23 (0.13−0.58)
0.62 (0.17−2.70)
0.41 (0.17−1.51)
0.31 (0.16−0.78)

0.17 (0.09−0.41)
0.17 (0.09−0.41)
0.13 (0.07−0.30)
0.23 (0.06−0.55)
0.45 (0.11−0.81)
0.14 (0.08−0.35)

5.75 (1.42−17.99)
5.70 (1.39−17.93)
2.51 (0.58−10.15)
13.20 (2.60−33.55)
36.79 (6.17−70.58)
3.71 (0.94−15.27)

0.77 (0.17−0.91)
0.78 (0.27−0.90)
0.81 (0.18−0.93)
0.84 (0.14−0.96)
0.84 (0.12−0.96)
0.87 (0.12−0.96)

0.73 (0.45−0.86)
0.73 (0.47−0.86)
0.77 (0.56−0.88)
0.81 (0.49−0.90)
0.78 (0.04−0.89)
0.83 (0.59−0.91)

0.91 (0.63−0.97)
0.92 (0.64−0.97)
0.93 (0.79−0.97)
0.92 (0.64−0.97)
0.91 (0.61−0.97)
0.93 (0.71−0.98)

0.40 (0.22−0.79)
0.30 (0.14−0.69)
0.16 (0.13−0.25)
0.74 (0.31−1.60)
0.48 (0.22−1.03)
0.15 (0.07−0.25)

0.25 (0.13−0.47)
0.16 (0.08−0.30)
0.09 (0.06−0.16)
0.11 (0.06−0.27)
0.11 (0.07−0.25)
0.07 (0.04−0.14)

8.08 (1.60−25.50)
5.23 (0.70−12.75)
4.12 (1.92−7.04)
5.72 (3.20−12.57)
5.23 (2.75−11.60)
2.02 (0.48−3.89)

0.83 (0.62−0.91)
0.77 (0.49−0.89)
0.87 (0.68−0.92)
0.88 (0.72−0.93)
0.86 (0.67−0.93)
0.90 (0.76−0.95)

−

−

−
−
−
−

−
−
−
−

Prostate
Prostate
Prostate
Prostate
Prostate
Prostate
†

Segmentation Performance (Average Dice Score (95% CI)) ‡

Brain
Brain
Brain
Brain
Brain
Brain

Application (Model)

(LCE )
( MCD LCE )
(EN LCE )
(LDSC )
(MCD LDSC )
(EN LDSC )

NLL (95% CI)

Brier (95% CI)

ECE% (95% CI)

The presented calibration quality metrics are calculated for bounding boxes. For whole volume results see Table I of the Supplementary Material.
Comparison between Hausdorff distance of different models is provided in Table II of the Supplementary Material.
For brain application segments, I, II, and III correspond to non-enhancing tumor, edema, and enhancing tumor, respectively. For heart application segments, I,
II, and III correspond to the right ventricle, the myocardium, and the left ventricle, respectively. For prostate application segment I corresponds to the prostate
gland.
?
MCD stands for Monte Carlo Dropout.
‡

*
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(A) Prostate Segmentation

(B) Brain Tumor Segmentation
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H(Ŝ)

0.5

0.6

0.7

−3

0.0

0.1

0.2

0.3

0.4

0.5

0.6

H(Ŝ)
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Figure 6.3: Segment-level predictive uncertainty estimation: Top row: Scatter plots and linear regression between
Dice coefficient and average of entropy over the predicted segment H(Ŝ). For each of the regression plots, Pearson’s
correlation coefficient (r) and 2-tailed p-value for testing non-correlation are provided. Dice coefficients are logit
transformed before plotting and regression analysis. For the majority of the cases in all three segmentation tasks, the
average entropy correlates well with Dice coefficient, meaning that it can be used as a reliable metric for predicting
the segmentation quality of the predictions at test-time. Higher entropy means less confidence in predictions and
more inaccurate classifications leading to poorer Dice coefficients. However, in all three tasks there are few cases
that can be considered outliers. (A) For prostate segmentation, samples are marked by their domain: PROSTATEx
(source domain), and the multi-device multi-institutional PROMISE12 dataset (target domain). As expected, on
average, the source domain performs much better than the target domain, meaning that average entropy can be
used to flag out-of-distribution samples.
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Figure 6.4: The two bottom rows correspond to two of the cases from the PROMISE12 dataset are marked in
(A): Case I and Case II; These show the prostate T2-weighted MRI at different locations of the same patient with
overlaid calibrated class probabilities (confidences) and histograms depicting distribution of probabilities over the
segmented regions. The white boundary overlay on prostate denotes the ground truth. The wider probability
distribution in Case II associates with a higher average entropy which correlates with a lower Dice score. Case-I
was imaged with phased-array coil (same as the images that was used for training the models), while Case II was
imaged with endorectal coil (out-of-distribution case in terms of imaging parameters). The samples in scatter plots
in (B) and (C) are marked by their associated foreground segments. The color bar for the class probability values is
given in Figure 6.1. Qualitative examples for brain and heart applications and scatter plots for models trained with
cross-entropy are given in Figures 7 and 8 of the Supplementary Material, respectively.
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6.8

Discussion

Through extensive experiments, we have rigorously assessed uncertainty
estimation for medical image segmentation with FCNs. Furthermore, we
proposed ensembling for confidence calibration of FCNs trained with Dice
loss. We have performed these assessments using three common medical
image segmentation tasks to ensure the generalizability of the findings. The
results consistently show that for baseline (single) models, cross-entropy
loss is better than Dice loss in terms of uncertainty estimation in terms of
NLL and ECE%, but falls short in segmentation quality. We then showed
that ensembling with M ≥ 5 notably calibrates the confidence of models
trained with Dice loss and CE loss. Importantly, we also observed that in
addition to NLL reduction, the segmentation accuracy in terms of the Dice
coefficient and Hausdorff distance was also improved through ensembling.
We also showed that ensembling outperforms MC dropout in estimating the
uncertainty of deep image segmenters. This confirms previous findings in the
image classification literature [96]. Consistent with the results of previous
studies [92], we observed that segmentation quality improved with ensembling.
The results of our experiments for comparing cross-entropy with Dice loss
are in line with the achieved results of Sanders et al. [153].
Importantly, we demonstrated the feasibility of constructing metrics that
can capture predictive uncertainty of individual segments. We showed that
the average entropy of segments can predict the quality of the segmentation
in terms of Dice coefficient. Preliminary results suggest that calibrated FCNs
have the potential to detect out-of-distribution samples. Specifically, for
prostate segmentation, the ensemble correctly predicted the cases where it
failed due to differences in imaging parameters (such as different imaging
coils). However, it should be noted that this is an early attempt to capture
the segment-level quality of segmentation and the results thus need to be
interpreted with caution. The proposed metric can be improved by adding
prior knowledge about the labels. Furthermore, it should be noted that the
proposed metric does not encompass any information on number of samples
used in that estimation.
As introduced in the methods section, some loss functions are “proper
scoring rules”, a desirable quality that promotes well-calibrated probabilistic
predictions. The Deep Ensembles method has a proper scoring rule requirement for the baseline loss function [96]. The question arises: “Is the Dice loss
a proper scoring rule?” Here, we argue that there is a fundamental mismatch
in the potential usage of the Dice loss for scoring rules. Scoring rules are
functions that compare a probabilistic prediction with an outcome. In the
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context of binary segmentation, an outcome corresponds to a binary vector of
length n, where n is the number of pixels. The difficulty with using scoring
rules here is that the corresponding probabilistic prediction is a distribution
on binary vectors. However, the predictions made by deep segmenters are
collections of n label probabilities. This is in contrast to distributions on
binary vectors, which are more complex and in general characterized by
probability mass functions with 2n parameters, one for each of the 2n possible outcomes (the number of possible binary segmentations). The essential
problem is that deep segmenters do not predict distributions on outcomes
(binary vectors). One potential workaround is to say that the network does
predict the required distributions, by constructing them as the product of
the marginal distributions. This, though, has the problem that the predicted
distributions will not be similar to the more general data distributions, so in
that sense, they are bound to be poor predictions.
We used segmentation tasks in the brain, the heart and the prostate to
assess uncertainty estimation. Although each of these tasks was performed
on MRI images, there were subtle differences between them. The brain segmentation task was performed on three-channel input (T1 contrast-enhanced,
FLAIR, and T2) while the other two were performed on single-channel input
(T2 for prostate and Cine images for the heart). Moreover, the number of
training samples, the size of the target segments, and the homogeneity of
samples were different in each task. Only publicly available datasets were
used in this study to allow others to easily reproduce these experiments and
results. The ground truth was created by experts and independent test sets
were used for all experiments. For prostate gland segmentation and brain
tumor segmentation tasks, we used multi-scanner, multi-institution test sets.
For all three tasks, the boundaries of the target segments were commonly
identified as areas of high uncertainty estimate. Compared to the prostate
and heart applications, we observed lower segmentation quality in the brain
tumor application. Segmentation of lesions (in this case brain tumors) is
generally a harder problem compared to the segmentation of organs (in this
case the heart, and the prostate gland). This is partly because lesions are
more heterogeneous. This is partly due to the fact that lesions are more
heterogeneous. However, as shown in Figure 6.3 the calibrated models successfully predicted the segmentation quality and total failures (where the
model failed to predict any meaningful structure – e.g. Dice score ≤ 0.05.
Our focus was not on achieving state-of-the-art results on the three mentioned segmentation tasks, but on using these to understand and improve
the uncertainty prediction capabilities of FCNs. Since we performed several
rounds of training with different loss functions, we limited the number of
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parameters in the models to speed up each training round; we carried out
experiments with 2D CNNs (not 3D), used fewer convolutional filters in our
baseline compared to the original U-Net, and performed limited (not exhaustive) hyperparameter tuning to allow reasonable convergence. 2D U-Nets have
been used extensively to segment 3D images and we used these to conduct the
experiments reported above. 2D vs 3D is one of the many design choices or
hyper-parameters of constructing deep networks for semantic segmentation,
without a clear-cut answer that 2D U-Nets are always better for 2D images
and 3D U-Nets are always better for 3D images. In fact, in some applications,
2D networks have outperformed 3D networks [92]. However, in the case of
confidence calibration using deep ensembles, preliminary experiments (that
we have included in Appendix F of the Supplementary Material) indicate
no difference between using 3D U-Nets or 2D U-Nets. A comprehensive
empirical study on this topic would be quite interesting.
In this chapter, we compared calibration qualities of two commonly
used loss functions and showed that loss function directly affects calibration
quality and segmentation performance. As stated earlier, calibration quality
is an important metric that provides information about the quality of the
predictions. We think it is important for users of deep networks to be aware
of the calibration qualities associated with different loss functions, and to
that end, we think that it would be interesting to investigate the calibration
and segmentation quality of other commonly used loss functions such as
combinations of Dice loss and cross-entropy loss, as well as the recently
proposed Lovász-Softmax loss [14] that we think is promising for medical
image segmentation.
For the proposed segment-level predictive uncertainty measure (Equation
6.7), we assumed binary classification and entropy of the foreground class was
calculated by considering every other class as background. However, there
are neighborhood relationships between classes and adjacent pixels that could
be further integrated using measures such as multi-class entropy or similar
strategies such as the Wasserstein losses [39].
There remains a need to study calibration methods that, unlike ensembling,
do not require training from scratch which is time-consuming. In this study, we
only investigated uncertainty estimation for MR images. Although parameter
changes occur more often in MRI comparing to computed tomography (CT),
it would still be very interesting to study uncertainty estimation in CT
images. Parameter changes in CT can also be a source of failure in CNNs.
For instance, changes in slice thickness or use of contrast can result in failures
in predictions and it is highly desirable to predict such failures through model
confidence.
89

6.9. Conclusion
We believe that our research will serve as a base for future studies on uncertainty estimation and confidence calibration for medical image segmentation.
Further study of the sources of uncertainty in medical image segmentation is
needed. Uncertainty has been classified as aleatoric or epistemic in medical
applications [69] and Bayesian modeling [83]. Aleatoric refers to types of
uncertainties that exist due to noise or the stochastic behavior of a system.
In contrast, epistemic uncertainties are rooted in limitation in knowledge
about the model or the data. In this study, we consistently observed higher
levels of uncertainty at specific locations such as boundaries. For example in
the prostate segmentation task, single and multiple raters often have higher
inter- and intra-disagreements in the delineation of the base and apex of the
prostate rather than at the mid-gland boundaries [108]. Such disagreements
can leave their traces on models that are trained using ground truth labels
with such discrepancies. It has been shown that with enough training data
from multiple raters, deep models are able to surpass human agreements
on segmentation tasks [107]. However, few works have been done on the
correlation of ground truth quality and model uncertainty that results from
rater disagreements [172, 178].

6.9

Conclusion

We conclude that model ensembling can be used successfully for confidence
calibration of FCNs trained with Dice Loss. Also, the proposed average
entropy metric can be used as an effective predictive metric for estimating the
performance of the model at test-time when the ground-truth is unknown.
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Chapter 7

PEP: Parameter Ensembling
by Perturbation
7.1

Introduction and Background

Deep neural networks have achieved remarkable success on many classification
and regression tasks [98]. In the usual usage, the parameters of a conditional
probability model are optimized by maximum likelihood on large amounts of
training data [51]. Subsequently the model, in combination with the optimal
parameters, is used for inference. Unfortunately, this approach ignores
uncertainty in the value of the estimated parameters; as a consequence
over-fitting may occur and the results of inference may be overly confident.
In some domains, for example medical applications, or automated driving,
overconfidence can be dangerous [5].
Probabilistic predictions can be characterized by their level of calibration,
an empirical measure of consistency with outcomes, and work by Guo et
al. shows that modern neural networks (NN) are often poorly calibrated,
and that a simple one-parameter temperature scaling method can improve
their calibration level [54]. Explicitly Bayesian approaches such as Monte
Carlo Dropout (MCD) [41] have been developed that can improve likelihoods
or calibration. MCD approximates a Gaussian process at inference time
by running the model several times with active dropout layers. Similar to
the MCD method [41], Teye et al. [180] showed that training NNs with
batch normalization (BN) [70] can be used to approximate inference with
Bayesian NNs. Directly related to the problem of uncertainty estimation,
several works have studied out-of-distribution detection. Hendrycks and
Gimpel [62] used softmax prediction probability baseline to effectively predict
misclassification and out-of-distribution in test examples. Liang et al. [103]
used temperature scaling and input perturbations to enhance the baseline
This chapter is is adapted from: Alireza Mehrtash, Purang Abolmaesumi, Polina
Goland, Tina Kapur, Demian Wassermann, William M. Wells III. PEP: Parameter Ensembling by Perturbation. NeurIPS 2020.
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method of Hendrycks and Gimpel [62]. In a recent work, Rohekar et al.
[146] proposed a method for confounding training in deep NNs by sharing
neural connectivity between generative and discriminative components. They
showed that using their BRAINet architecture, which is a hierarchy of deep
neural connections, can improve uncertainty estimation. Hendrycks et al. [63]
showed using pre-training can improve uncertainty estimation. Thulasidasan
et al. [181] showed that mixed up training can improve calibration and
predictive uncertainty of models. Corbière et al. [28] proposed True Class
Probability as an alternative for classic Maximum Class Probability. They
showed that learning the proposed criterion can improve model confidence
and failure prediction. Raghu et al. [142] proposed a method for direct
uncertainty prediction that can be used for medical second opinions. They
showed that deep NNs can be trained to predict uncertainty scores of data
instances with high human reader disagreement.
Ensemble methods [31] are regarded as a straightforward way to increase
the performance of base networks and have been used by the top performers
in imaging challenges such as ILSVRC [175]. The approach typically prepares
an ensemble of parameter values that are used at inference-time to make
multiple predictions, using the same base network. Different methods for
ensembling have been proposed for improving model performance, such
as M-heads [101] and Snapshot Ensembles [67]. Following the success of
ensembling methods in improving baseline performance, Lakshminarayanan
et al. proposed Deep Ensembles in which model averaging is used to estimate
predictive uncertainty [96]. By training collections of models with random
initialization of parameters and adversarial training, they provided a simple
approach to assess uncertainty.
Deep Ensembles and MCD have both been successfully used in several
applications for uncertainty estimation and calibration improvement. However, Deep Ensembles requires retraining a model from scratch for several
rounds, which is computationally expensive for large datasets and complex
models. Moreover, Deep Ensembles cannot be used to calibrate pre-trained
networks for which the training data is not available. MCD requires network
architecture to have dropout layers. In many modern networks, BN removes
the need for dropout [70]. Hence, there is a need for network modification if
the original architecture does not have dropout layers. It is also challenging or
not feasible in some cases to use MCD on out-of-the-box pre-trained networks.
Parameter (weight) perturbation at training time has been used to good
effect in variational Bayesian deep learning [85] and to improve adversarial
robustness [72].
In this chapter, we propose Parameter Ensembling by Perturbation (PEP),
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a simple ensembling approach that uses random perturbations of the optimal
parameters from a single training run. Unlike MCD which needs dropout at
training, PEP can be applied to any pre-trained network without restrictions
on the use of dropout layers. Unlike Deep Ensembles, PEP needs only one
training run. PEP can provide improved log-likelihood and calibration for
classification problems, without the need for specialized or additional training,
substantially reducing the computational expense of ensembling. We show
empirically that the log-likelihood of the ensemble average (L) on hold-out
validation and test data grows initially from that of the baseline model to a
well-defined peak as the spread of the parameter ensemble increases. We also
show that PEP may be used to probe curvature properties of the likelihood
landscape. We conduct experiments on deep and large networks that have
been trained on ImageNet (ILSVRC2012) [150] to assess the utility of PEP
for improvements on calibration and log-likelihoods. The results show that
PEP can be used for probability calibration on pre-trained networks such as
DenseNet [68], Inception [175], ResNet [60], and VGG [166]. Improvements
in the log-likelihood range from small to significant but they are almost
always observed in our experiments. To compare PEP with MCD and Deep
Ensembles, we run experiments on classification benchmarks such as MNIST
and CIFAR-10 which are small enough for us to re-train and add dropout
layers. Finally, We perform further experiments to study the relationship
between over-fitting and the “PEP effect,” (the gain in log-likelihood over the
baseline model) where we observe larger PEP effects for models with higher
levels of over-fitting.
In this chapter, we limit our experiments to computer vision benchmarks
such as MNIST, CIFAR-10, and ImageNet. The proposed PEP method and
the theoretical developments apply to deep NNs in general. Here, we do
not run any experiments on medical images. However, we expect that the
proposed method can be generalized and adopted well for medical imaging
applications in general and prostate cancer diagnosis in MRI in particular.
As we showed in Chapter 6, deep NNs trained on medical images are often
poorly calibrated. PEP provides an affordable method to calibrate such
models without the additional cost of training. Importantly, PEP does not
require access to training data. This could facilitate the calibration of models
trained for medical applications where security and privacy are top priorities.
To the best of our knowledge, this is the first report of using ensemble of
perturbed deep nets as an accessible and computationally inexpensive method
for calibration and performance improvement. Our method is potentially
most useful when the cost of training from scratch is too high in terms of
effort or carbon footprint.
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7.2

Method

In this section, we describe the PEP model and analyze local properties of the
resulting PEP effect (the gain in log-likelihood over the comparison baseline
model). In summary PEP is formulated in the Bayes’ network (hierarchical
model) framework; it constructs ensembles by Gaussian perturbations of the
optimal parameters from training. The single variance parameter is chosen to
maximize the likelihood of ensemble average predictions on validation data,
which, empirically, has a well-defined maximum. PEP can be applied to any
pre-trained network; only one standard training run is needed, and no special
training or network architecture is needed.

7.2.1

Baseline Model

We begin with a standard discriminative model, e.g., a classifier that predicts
a distribution on yi given an observation xi ,
(7.1)

p(yi ; xi , θ) .

Training is conventionally accomplished by maximum likelihood,
.
. X
θ∗ = argmax L(θ)
where the log-likelihood is:
L(θ) =
ln Li (θ) ,
θ

i

(7.2)
.
and Li (θ) = p(yi ; xi , θ) are the individual likelihoods. Subsequent predictions
are made with the model using θ∗ .

7.2.2

Hierarchical Model

Empirically, different optimal values of θ are obtained on different data sets;
we aim to model this variability with a very simple parametric model – an
isotropic normal distribution with mean and scalar variance parameters,
.
p(θ; θ̄, σ) = N (θ; θ̄, σ 2 I) .
(7.3)
The product of Eqs. 7.1 and 7.3 specifies a joint distribution on yi and θ;
from this we can obtain model predictions by marginalizing over θ, which
leads to
p(yi ; xi , θ̄, σ) = Eθ∼N (θ̄,σ2 I) [p(yi ; xi , θ)] .
(7.4)
We approximate the expectation by a sample average,
1 X
m
p(yi ; xi , θ̄, σ) ≈
p(yi ; xi , θj )
where
θj=1
← N (θ̄, σ 2 I),
IID
m

(7.5)

j
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i.e., the predictions are made by averaging over the predictions of an ensemble.
The log-likelihood of the ensemble prediction as a function of σ is then
. X 1 X
m
ln
Li (θj )
where
θj=1
← N (θ̄, σ 2 I)
(7.6)
L(σ) =
IID
m
j

i

(dependence on θ̄ is suppresssed for clarity). We estimate the model parameters as follows. First we optimize θ with σ fixed at zero using a training data
set (when σ → 0 the θj → θ̄), then
X
θ∗ = argmax
ln p(yi ; xi , θ̄) ,
(7.7)
θ̄

i

which is equivalent to maximum likelihood parameter estimation of the base
model. Next, we optimize over σ, (using a validation data set), with θ fixed
at the previous estimate, θ∗ ,
X 1 X
m
σ ∗ = argmax
ln
p(yi ; xi , θj ) where θj=1
← N (θ∗ , σ 2 I) . (7.8)
IID
m
σ
i

θj

Then at test time the ensemble prediction is
1 X
m
p(yi ; xi , θ∗ , σ ∗ ) ≈
p(yi ; xi , θj ) where θj=1
← N (θ∗ , σ ∗ 2 I) .
IID
m

(7.9)

θj

In our experiments, perhaps somewhat surprisingly, L(σ) has a welldefined maximum away from σ = 0 (which corresponds to the baseline
model). As σ grows from 0, L(σ) rises to a well-defined peak value, then falls
dramatically (Figure 7.1). Conveniently, the calibration quality tends to grow
favorably until the L(σ) peak is reached. It may be that L(σ) initially grows
because the classifiers corresponding to the ensemble parameters remain
accurate, and the ensemble performs better as the classifiers become more
independent [31]. Figure 7.1 shows L(σ) for experiments with InceptionV3
[175], along with the average log-likelihoods (ln(L)) of the individual ensemble
members. Note that in the figures, in the current machine learning style, we
have used averaged log-likelihoods, while in this section we use the estimation
literature convention that log-likelihoods are summed rather than averaged.
We can see that for several members, ln(L) grows somewhat initially, this
indicates that the optimal parameter from training is not optimal for the
validation data. Interestingly, the ensemble has a more robust increase, which
persists over scale substantially longer than for the individual networks. We
have observed this L(σ) “increase to peak” phenomenon in many experiments
with a wide variety of networks.
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Figure 7.1: Parameter Ensembling by Perturbation (PEP) on pre-trained
InceptionV3 [175]. The rectangle shaded in gray in (a) is shown in greater
detail in (b). The average log-likelihood of the ensemble average, L(σ),
has a well-defined maximum at σ = 1.85 × 10−3 . The ensemble also has a
noticeable increase in likelihood over the individual ensemble item average
log-likelihoods, ln(L) and over their average. In this experiment, an ensemble
size of 5 (M = 5) was used for PEP and the experiments were run on 5000
validation images.

7.2.3

Local Analysis

In this section, we analyze the nature of the PEP effect in the neighborhood
of θ∗ . Returning to the log-likelihood of a PEP ensemble (Eq. 7.6), and
“undoing” the approximation by sample average,
X
L(σ) ≈
ln Eθ∼N (θ∗ ,σ2 I) [Li (θ)] .
(7.10)
i

Next we develop a local approximation to the expected value of the loglikelihood. Suppose x ∼ N (µ, Σ). We seek a local approximation to Ex [f (x)].
Using a second order Taylor expansion about µ,


1
T
T
Ex [f (x)] ≈ Ex f (µ) + (x − µ) ∇f (µ) + (x − µ) Hf (µ)(x − µ) (7.11)
2
where Hf (x) is the Hessian of f (x). Then, as the gradient term vanishes,

1 
Ex [f (x)] ≈ f (µ) + Ex (x − µ)T Hf (µ)(x − µ)
2

(7.12)
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1 
Ex [f (x)] ≈ f (µ) + Ex xT Hf (µ)x − 2xT Hf (µ)µ + µT Hf (µ)µ
2

(7.13)

or



1  T
Ex x Hf (µ)x − µT Hf (µ)µ .
(7.14)
Ex [f (x)] ≈ f (µ) +
2


Now using Ex xT Λx = TR (ΛΣ) + µT Λµ,(TR is the trace, see [117]),
1
Ex [f (x)] ≈ f (µ) + TR (Hf (µ)Σ) .
2

(7.15)

For x ∼ N (µ, Σ)
1
Ex [f (x)] ≈ f (µ) + TR (Hf (µ)Σ) ,
2

(7.16)

where Hf (x) is the Hessian of f (x) and TR is the trace. In the special
case that Σ = σ 2 I,
Ex [f (x)] ≈ f (µ) +

σ2
4 f (µ)
2

(7.17)

where 4 is the Laplacian, or mean curvature. The appendix shows that
the third Taylor term vanishes due to Gaussian properties, so that the
approximation residual is O(σ 4 ∂ 4 f (µ)) where ∂ 4 is a specific fourth derivative
operator.
Applying this to the log-likelihood in Eq. 7.10 yields
 X

X 
σ 2 4Li (θ∗ )
σ2
∗
∗
∗
4 Li (θ ) ≈
ln Li (θ ) +
L(σ) ≈
ln Li (θ ) +
2
2 Li (θ∗ )
i
i
(7.18)
(to first order), or
L(σ) ≈ L(θ∗ ) + Bσ (θ∗ ) ,

(7.19)

. σ 2 X 4Li (θ)
Bσ (θ) =
2
Li (θ)

(7.20)

where L(θ) is the log-likelihood of the base model (Eq. 7.2) and

i

is the PEP effect. Note that the PEP effect value may be dominated by data
items that have low likelihood, perhaps because they are difficult cases, or
incorrectly labeled. Next we establish a relationship between the PEP effect
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and the Laplacian of the log-likelihood of the base model. From Appendix
(Eq 11) ,

X  4Li (θ)
(7.21)
− (∇ ln Li (θ))2
4L(θ) =
Li (θ)
i

(here the square in the second term on the right is the dot product of two
gradients) Then
4L(θ) =
or

X
2
Bσ (θ) −
(∇ ln Li (θ))2
2
σ

(7.22)

i

"
#
X
σ2
Bσ (θ) =
4L(θ) +
(∇ ln Li (θ))2 .
2

(7.23)

i

The empirical Fisher information (FI) is defined in terms of the outer
product of gradients as
. X
Fe(θ) =
∇ ln Li (θ)∇ ln Li (θ)T
(7.24)
i

(see [93]) . So, the second term above in Eq. 7.23 is the trace of the empirical
FI. Then finally,
Bσ (θ) =

i
σ2 h
4L(θ) + TR (Fe(θ)) .
2

(7.25)

The first term of the PEP effect, the mean curvature of the log-likelihood
can be positive or negative, (we expect it to be negative near the mode), while
the second term, the trace of the empirical Fisher information, is non-negative.
As the sum of squared gradients, we may expect the second term to grow as
θ moves away from the mode.
The first term may also be seen as a (negative) trace of an empirical FI.
If the sum is converted to an average it approximates an expectation that is
equal to the negative of the trace of the Hessian form of the FI, while the
second term is the trace of a different empirical FI. Empirical FI is said to
be most accurate at the mode of the log-likelihood [93]. So, if θ∗ is close to
the log-likelihood mode on the new data, we may expect the terms to cancel.
If θ∗ is farther from the log-likelihood mode on the new data, they may no
longer cancel.
Next, we discuss two cases, in both we examine the log-likelihood of the
validation data, L(θ), at θ∗ , the result of optimization on the training data.
In general, θ∗ will not coincide with the mode of the log-likelihood of the
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validation data. Case 1: θ∗ is ‘close’ to the mode of the validation data, so
we expect the mean curvature to be negative. Case 2: θ∗ is ‘not close’ to
the mode of the validation data, so the mean curvature may be positive. We
conjecture that case 1 characterizes the likelihood landscape on new data
when the baseline model is not overfitted, and that case 2 is characteristic of
an overfitted model (where, empirically, we observe positive PEP effect).
As these are local characterizations, they are only valid near θ∗ . While
the analysis may predict PEP effect for small σ, as it grows, and the θj move
farther from the mode, the log-likelihood will inevitably decrease dramatically
(and there will be a peak value between the two regimes).
There has been a lot of work recently concerning the curvature properties
of the log-likelihood landscape. Gorbani et al. point out that “Hessian of
training loss ... is crucial in determining many behaviors of neural networks”;
they provide tools to analyze the Hessian spectrum and point out characteristics associated with networks trained with BN [47]. Sagun et al. [151]
point out that there is a ’bulk’ of zero valued eigenvectors of the Hessian
that can be used to analyze overparameterization , and in a related paper
discuss implications that “shed light on the geometry of high-dimensional and
non-convex spaces in modern applications” [152]. Fort et al. [40] analyze Deep
Ensembles from the perspective of the loss landscape, discussing multiple
modes and associated connectors among them. While the entire Hessian
spectrum is of interest, some insights may be gained from the avenues to
characterizing the mean curvature that PEP provides.

7.3

Experiments

This section reports performance of PEP, and compares it to temperature
scaling [54], MCD [41], and Deep Ensembles [96], as appropriate. The first set
of results are on ImageNet pre-trained networks where the only comparison
is with temperature scaling (no training of the baselines was carried out so
MCD and Deep Ensembles were not evaluated). Then we report performance
on smaller networks, MNIST and CIFAR-10, where we compare to MCD and
Deep Ensembles as well. We also show that the PEP effect is strongly related
to the degree of overfitting of the baseline networks.
Evaluation metrics: Model calibration was evaluated with negative
log-likelihood (NLL), Brier score [17] and reliability diagrams [127]. NLL and
Brier score are proper scoring rules that are commonly used for measuring
the quality of classification uncertainty [41, 54, 96, 140]. Reliability diagrams
plot expected accuracy as a function of class probability (confidence), and
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perfect calibration is achieved when confidence (x-axis) matches expected
accuracy (y-axis) exactly [54, 127]. Expected Calibration Error (ECE) is
used to summarize the results of the reliability diagram. Details of evaluation
metrics are given in the Supplementary Material.

7.3.1

ImageNet Experiments

We evaluated the performance of PEP using large scale networks that were
trained on ImageNet (ILSVRC2012) [150] dataset. We used the subset of
50,000 validation images and labels that is included in the development kit of
ILSVRC2012. From the 50,000 images, 5,000 images were used as a validation
set for optimizing σ in PEP, and temperature T in temperature scaling. The
remaining 45,000 images were used as the test set. Golden section search
[138] was used to find the σ ∗ that maximizes L(σ). The search range for σ
was 5×10−5 –5×10−3 , ensemble size was 5 (M=5), and number of iterations
was 7. On the test set with 45,000 images, PEP was evaluated using σ ∗ and
with ensemble size of 10 (M=10). Single crop of the center of images was used
for the experiments. Evaluation was performed on six pre-trained networks
from the Keras library[26]: DenseNet121, DenseNet169 [68], InceptionV3
[175], ResNet50 [60], VGG16, and VGG19 [166]. For all pre-trained networks,
Gaussian perturbations were added to the weights of all convolutional layers.
Table 7.1 summarizes the optimized T and σ values, model calibration in
terms of NLL, Brier score, and classification errors. For all the pre-trained
networks, except VGG19, PEP achieves statistically significant improvements
in calibration compared to the baseline and temperature scaling. Note the
reduction in top-1 error of DenseNet169 by about 1.5 percentage points, and
the reduction in all top-1 errors. Figure 7.2 shows the reliability diagram
for DenseNet169, before and after calibration with PEP with some corrected
misclassification examples.
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Table 7.1: ImageNet results: For all models except VGG19 , PEP achieves statistically significant improvements in
calibration compared to baseline (BL) and temperature scaling (TS), in terms of NLL and Brier score. PEP also
reduces test errors, while TS does not have any effect on test errors. Although TS and PEP outperform baseline in
terms of ECE% for DenseNet121, DenseNet169, ResNet, and VGG16, the improvements in ECE% is not consistent
among the methods. T ∗ and σ ∗ denote optimized temperature for TS and optimized sigma for PEP, respectively.
Boldfaced font indicates the best results for each metric of a model and shows that the differences are statistically
significant (p-value<0.05).
∗

Model

T

DenseNet121
DenseNet169
IncepttionV3
ResNet50
VGG16
VGG19

1.10
1.23
0.91
1.19
1.09
1.09

σ∗
−3
×10
1.94
2.90
1.94
2.60
1.84
1.03

Negative log-likelihood
BL
TS
PEP
1.030
1.035
0.994
1.084
1.199
1.176

1.018
1.007
0.975
1.057
1.193
1.171

0.997
0.940
0.950
1.023
1.164
1.165
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Figure 7.2: Improving pre-trained DenseNet169 with PEP (M=10). (a) and (b) show the reliability diagrams of the
baseline and the PEP. (c) shows examples of misclassifications corrected by PEP. The examples were among those
with the highest PEP effect on the correct class probability. (c) Top row: brown bear and lampshade changed into
Irish terrier and boathouse; Middle row: band aid and pomegranate changed into sandal and strawberry; Bottom
row: bathing cap and wall clock changed into volleyball and pinwheel. The histograms at the right of each image
illustrate the probability distribution of ensemble. Vertical red and green lines show the predicted class probabilities
of the baseline and the PEP for the correct class label. (For more reliability diagrams see Supplementary Material.)
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7.3.2

MNIST and CIFAR-10 Experiments

The MNIST handwritten digits dataset [97] consists of 60,000 training images
and 10,000 test images. The CIFAR-10 dataset [91] consists of 50,000 training
images and 10,000 test images. We created validation sets by setting aside
10,000 and 5,000 training images from MNIST and CIFAR-10, respectively.
For the MNIST dataset, the predictive uncertainty was evaluated for two
different neural networks: a Multi-layer Perception (MLP) and a Convolutional Neural Network (CNN) similar to LeNet [99] but with smaller kernel
sizes. The MLP is similar to the one used in [96] and has 3 hidden layers
with 200 neurons each, ReLu non-linearities, and BN after each layer. For
MCD experiments, dropout layers were added after each hidden layer with 0.5
dropout rate as was suggested in [41]. The CNN for MNIST experiments has
two convolutional layers with 32 and 64 kernels of sizes 3×3 with stride size of
1 followed by two fully connected layers (with 128 and 64 neurons each) with
BN after both types of layers. Here, again for MCD experiments, dropout
was added after all layers with 0.5 dropout rate, except the first and last
layers. For the CIFAR-10 dataset, the CNN architecture has 2 convolutional
layers with 16 kernels of size 3 × 3 followed by a max-pooling of 2 × 2; another
2 convolutional layers with 32 kernels of size 3 × 3 followed by a max-pooling
of size 2 × 2. And finally, two dense layers of size 128, and 10. BN was applied
to all convolutional layers. For MCD experiments, dropout was added similar
to CNN for MNIST experiments. Each network was trained and evaluated
25 times with different initializations of parameters (weights and biases) and
random shuffling of the training data. For optimization, stochastic gradient
descent with the Adam update rule [86] was used. Each baseline was trained
for 15 epochs. Training was performed for another 25 rounds with dropout
for MCD experiments. Models trained and evaluated with active dropout
layers were used for MCD evaluation only, and baselines without dropout
were used for the rest of the experiments. The Deep Ensembles method
was tested by averaging the output of the 10 baseline models. MCD was
tested on 25 models and the performance was averaged over all 25 models.
Temperature scaling and PEP were tested on the 25 trained baseline models
without dropout and the results were averaged.
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Table 7.2: MNIST and CIFAR-10 results: The table summarizes experiments described in Section 7.3.2.
Experiment

Baseline

PEP

Temp. Scaling

MCD

Deep Ensembles

0.094 ± 0.00
0.031 ± 0.00
0.798 ± 0.01

0.044 ± 0.00
0.021 ± 0.00
0.709 ± 0.00

0.040 ± 0.00
0.014 ± 0.00
0.381 ± 0.01

0.020 ± 0.00
0.010 ± 0.00
0.335 ± 0.00

2.569 ± 0.17
0.832 ± 0.06
7.109 ± 0.62

0.839 ± 0.08
0.287 ± 0.05
8.867 ± 0.23

NLL
MNIST (MLP)
MNIST (CNN)
CIFAR-10

0.096 ± 0.01
0.036 ± 0.00
1.063 ± 0.03

0.079 ± 0.01
0.034 ± 0.00
0.982 ± 0.02

0.074 ± 0.01
0.032 ± 0.00
0.956 ± 0.02
Brier

MNIST (MLP)
MNIST (CNN)
CIFAR-10

0.037 ± 0.00
0.016 ± 0.00
0.469 ± 0.01

0.035 ± 0.00
0.015 ± 0.00
0.450 ± 0.01

0.035 ± 0.00
0.015 ± 0.00
0.447 ± 0.01
ECE %

MNIST (MLP)
MNIST (CNN)
CIFAR-10

1.324 ± 0.16
0.517 ± 0.07
11.718 ± 0.72

0.528 ± 0.12
0.366 ± 0.08
4.599 ± 0.82

0.415 ± 0.10
0.259 ± 0.06
1.318 ± 0.26

Classification Error %
MNIST (MLP)
MNIST (CNN)
CIFAR-10

2.264 ± 0.22
0.990 ± 0.13
33.023 ± 0.68

2.286 ± 0.24
0.990 ± 0.12
32.949 ± 0.74

2.264 ± 0.22
0.990 ± 0.13
33.023 ± 0.68

2.452 ± 0.14
0.842 ± 0.06
27.207 ± 0.66

1.285 ± 0.05
0.659 ± 0.03
22.880 ± 0.21
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Figure 7.3: The relationship between overfitting and PEP effect. (a) shows
the average of NLLs on test set for CIFAR-10 baselines (red line) and PEP L
(black line). The baseline curve shows overfitting as a result of overtraining.
The degree of overfitting was calculated by subtracting the training NLL (loss)
from the test NLL (loss). PEP reduces overfitting and improves log-likelihood.
PEP effect is more substantial as the overfitting grows. (b), (c), (d) shows
scatter plots of overfitting vs PEP effect for CIFAR-10, MNIST(MLP), and
MNIST(CNN), respectively.
Table 7.2 compares the calibration quality and test errors of baselines
and PEP, temperature scaling [54], MCD [41], and Deep Ensembles [96]. The
averages and standard deviation values for NLL, Brier score, and ECE% are
provided. For all cases, it can be seen that PEP achieves better calibration
in terms of lower NLL compared to the baseline. Deep Ensembles achieves
the best NLL and classification errors in all the experiments. Compared to
the baseline, temperature scaling and MCD improve calibration in terms of
NLL for all three experiments.
Effect of Overfitting on PEP Effect: We ran experiments to quantify
the effect of overfitting on PEP effect, and optimized σ values. For the MNIST
and CIFAR-10 experiments, model checkpoints were saved at the end of each
epoch. Different levels of overfitting as a result of over-training were observed
for the three experiments. σ ∗ was calculated for each epoch and PEP was
performed and the PEP effect was measured. Figure 7.3 (a), shows the effect
of calibration on calibration and reducing NLL for CIFAR-10 models. Figures
7.3 (b-d) shows that PEP effect increases with overfitting. Furthermore, we
observed that the σ ∗ values also increase with overfitting, meaning that larger
perturbations are required for more overfitting.

7.4

Conclusion

We proposed PEP for improving calibration and performance in deep learning.
PEP is computationally inexpensive and can be applied to any pre-trained
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network. On classification problems, we show that PEP effectively improves
probabilistic predictions in terms of log-likelihood, Brier score, and expected
calibration error. It also nearly always provides small improvements in
accuracy for pre-trained ImageNet networks. We observe that the optimal size
of perturbation and the log-likelihood increase from the ensemble correlates
with the amount of overfitting. Finally, PEP can be used as a tool to
investigate the curvature properties of the likelihood landscape.
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Chapter 8

Conclusion and Future Work
Prostate cancer is the leading cause of cancer death in North American men
and the second most common cancer in men worldwide. The ultimate diagnosis of prostate cancer is through histopathology analysis of prostate biopsy
or radical prostatectomy. MRI has shown promising results for detection
and characterization of prostate cancer and in guiding biopsy needles to
suspicious targets. Despite promising results in using MRI for prostate cancer
management, open problems exist regarding detection and characterization
of prostate cancer and image-guided interventions.
In this thesis, novel algorithms and methods were proposed with the
ultimate goal of improving MRI-guided prostate cancer diagnosis and interventions. In Chapter 2, we proposed models to classify prostate cancer at a
given biopsy location as clinically significant or not in diagnostic MRI images.
We further proposed models to handle biopsy location uncertainty at training
and inference times. In Chapter 3, we proposed models to automatically
detect the tip of biopsy needles on intra-procedural MRI images. In Chapter
4, we investigated domain adaptation techniques to see if we could tune a
CNN trained to perform a task on MRI images acquired with different acquisition parameters. In Chapter 5, we proposed a partial Dice loss function for
weakly-supervised segmentation with single points and scribbles. In Chapter
6, we studied uncertainty estimation in semantic segmentation and proposed
methods to improve confidence calibration using ensemble of models. Finally,
in Chapter 7, we proposed a general methodology for uncertainty estimation
of neural networks using parameter ensembling by perturbation.

8.1

Contributions

This thesis is an attempt to develop techniques that are essential for MRIguided prostate cancer diagnosis and interventions. In the course of achieving
this objective, the following contributions were made:
• A novel deep learning technique was proposed for diagnosing clinically significant prostate cancer in mpMRI. The method uses diffusion107
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weighted imaging (DWI) and dynamic contrast-enhanced (DCE) MRI
sequences and information about the location of the suspicious target to
diagnose clinically significant cancer. The proposed method was tested
on an unseen patient dataset of 206 findings from 140 patients and
achieved an area under the curve of receiver operating characteristic
(AUC) of 0.80. The performance is comparable with the AUC values of
experienced human readers for PI-RADS.
• A novel probabilistic framework was proposed to include biopsy location
uncertainty at the inference for diagnosis of clinically significant prostate
cancer lesions with FCNs. Moreover, a Gaussian weighted loss was
proposed as a label imputation mechanism for training FCNs with
sparse biopsy data. The proposed loss function was compared with
partial cross-entropy (CE) where biopsy locations are used for loss
calculation in optimization. It was observed that using the updated
biopsy location improves sensitivity significantly through detecting
lesions where the biopsy location was displaced. The proposed method
was trained and validated using a 6-fold cross validation scheme with
352 biopsy locations from 203 patients suspicious of prostate cancer.
• A novel asymmetric 3D deep CNN was developed to localize and
visualize the tip and trajectory of biopsy needles in MRI. Needles were
annotated on 583 T2-weighted intra-procedural MRI scans acquired
after needle insertion for 71 patients. The accuracy of the proposed
method, as tested on previously unseen data, was 2.80 mm average in
needle tip detection, and 0.98◦ in needle trajectory angle. Additionally,
an observer study was designed in which independent annotations by a
second observer, blinded to the original observer, were compared to the
output of the proposed method. The resultant error was comparable
to the measured inter-observer concordance, reinforcing the clinical
acceptability of the proposed method. To the best of our knowledge,
this was the first report of a fully automatic system for biopsy needle
segmentation and localization in MRI with deep convolutional neural
networks.
• A novel technique was developed for domain adaptation of networks
trained with one set of MRI acquisition parameters. The following
questions regarding domain adaptation were investigated: Given a fitted
model on a certain dataset domain, 1) How much data from the new
domain is required for a decent adaptation of the original network?;
and, 2) What portion of the pre-trained model parameters should be
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retrained given a certain number of the new domain training samples?
We trained a CNN on one set of images and evaluated the performance
of the domain-adapted network on the same task with images from a
different domain. We then compared the performance of the model
to the surrogate scenarios where either the same trained network is
used or a new network is trained from scratch on the new dataset. The
proposed method is capable of tuning the deep network to the new
domain.
• A novel technique was proposed for weakly-supervised semantic segmentation with point and scribble supervision in FCNs. A novel loss
function, partial Dice loss, was proposed a variant of Dice loss [124]
for deep weakly-supervised segmentation with sparse pixel-level annotations. Partial Dice loss was compared with partial cross-entropy
[27, 177] in terms of segmentation quality. Finally, point and scribblesupervised segmentation were compared with fully-supervised on five
different semantic segmentation tasks from medical images of the heart,
the prostate, and the kidney. In a majority of these experiments, partial
Dice loss provided statistically significant performance improvement
over partial cross-entropy. The use of single point supervision results in
51%−95% of the performance of fully supervised training and the use
of single scribble supervision achieves 86%−97% of the performance of
fully supervised training.
• A novel technique was developed for confidence calibration and predictive uncertainty estimation for deep medical image segmentation.
Despite of high quality segmentations, FCNs trained with batch normalization and Dice loss are poorly calibrated. We systematically compared
cross-entropy loss with Dice loss in terms of segmentation quality and
uncertainty estimation of FCNs; We proposed model ensembling for
confidence calibration of the FCNs trained with BN and Dice loss; We
further assessed the ability of calibrated FCNs to predict the segmentation quality of structures and detect out-of-distribution test examples.
We consistently demonstrated that model ensembling is considerably
effective for confidence calibration.
• A novel technique was developed for confidence calibration uncertainty
estimation of neural networks. The proposed technique, parameter
ensembling by perturbation (PEP) approach, prepares an ensemble of
parameter values as perturbations of the optimal parameter set from
training by a Gaussian with a single variance parameter. Experiments
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on classification benchmarks such as MNIST and CIFAR-10 showed
improved calibration and likelihood. To demonstrate the scalability of
PEP on deep networks, experiments were conducted on ImageNet, these
show that PEP can be used for uncertainty estimation and probability
calibration on pre-trained networks.

8.2

Future Work

Novel methods have been presented in this thesis for MRI-guided prostate
cancer diagnosis and interventions. In addition, we proposed methods for
domain adaptation, confidence calibration and uncertainty estimation in
medical images. A number of interesting areas of research can be suggested
as follows:
• The proposed models for cancer diagnosis were developed and validated
only on a cohort of patient from a single institution. Further experimental investigations are needed to be done using larger multi-institute
datasets. It would be essential to determine the performance of the
proposed prostate cancer diagnosis approaches across a wider range of
patient populations.
• Future work requires to explore the use of the posterior probabilities
on latent true biopsy coordinates for improving training procedures
of CAD systems with noisy ground truth. Through an expectationmaximization (EM) framework, the posterior can be used as the E −step
to re-estimate probability distribution on biopsy locations given the
prior knowledge and classifier’s output. Maximum likelihood estimation
can be updated to include the current knowledge of the distribution.
• Further work needs to be carried out to embed the proposed automatic
localization method in the workflow of the transperineal in-gantry
MRI-targeted prostate biopsies. In order to do this, a study has to be
designed to determine how the needle trajectory should be presented to
the interventionalist to help them make the most efficacious decisions
– e.g. should the insertion point or angle of a suboptimal trajectory
be changed – during the procedure. On a wider level, research is also
needed to transfer the framework and proposed methodology to other
types of image-guided procedures that involve needle detection and
localization.
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• In Chapter 4, due to lack of access to multi-domain prostate cancer
datasets, we studied transfer learning for the problem of brain white
matter hyperintensities (WMH) segmentation. Further experiments
are required to evaluate the proposed methods with multi-institutional
prostate cancer MRI datasets.
• Additional work needs to be carried out to establish the effect of loss
function on confidence calibration for deep FCNs that were proposed
in Chapter 6. It would be interesting to investigate the calibration
and segmentation quality of other loss functions such as combinations
of Dice loss and cross-entropy loss, as well as the recently proposed
Lovász-Softmax loss [14].
• The proposed parameter ensembling by perturbation (PEP) method
was evaluated on computer vision benchmarks. Further evaluation
of PEP on medical imaging benchmarks and applications including
prostate cancer diagnosis in MRI would be interesting.
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