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Abstract

This thesis deals with quantifying uncertainty in the predictions of deep learning models.
While they achieve state of the art results in many areas of computer vision, their outputs
are usually deterministic and provide by themselves little information about how certain the
model is about its prediction. This is important especially in the domain of medical image
analysis where mistakes are costly and the ability to filter uncertain predictions would allow
a supervising physician to review the relevant cases.

This work applies several di Lerknt uncertainty measures developed in recent research to
deep learning models trained on a cephalometric landmark localization task. They are then
evaluated and compared in a set of experiments which aim to determine whether each of
the uncertainty measures provides us with useful information about the model’s confidence
in its predictions.

Abstrakt

Tato praca sa zaobera urfenim neistoty v predikciach modelov hlbokého ucenia. Aj ked
sa tymto modelom dari dosahovat' vynikajlce vysledky v mnohych oblastiach pocitatového
videnia, ich vystupy su vacsinou deterministické a neposkytuja mnoho informécii o tom,
ako si je model isty svojou predpovedou. To je obzvlast dolezité pri analyze lekarskych
obrazovych dat, kde méZzu mat' omyly vysoku cenu a schopnost’ detekovat’ neisté predikcie
by umoznila dohliadajucemu lekarovi spracovat relevantné pripady manuélne.

V tejto préaci aplikujem niekolko réznych metrik vyvinutych v neddvnom vyskume pre
urcenie neistoty na modely hlbokého ucenia natrénované pre lokalizaciu cefalometrickych
landmarkov. Nésledne ich vyhodnotim a porovndvam v sade experimentov, ktorych alohou
je urcit, nakolko jednotlivé metriky poskytuji uzitocna informéciu o tom, ako si je model
isty svojou predpovedou.
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RozSireny abstrakt

Uvod

Tato praca sa zaobera urfenim neistoty v predikciach modelov hlbokého ucenia. Aj ked
sa tymto modelom dari dosahovat' vynikajlce vysledky v mnohych oblastiach pocitatového
videnia, ich vystupy su vacsinou deterministické a neposkytuja mnoho informécii o tom,
ako si je model isty svojou predpovedou. To je obzvlast délezité pri analyze medicinskych
obrazovych dat, kde méZzu mat' omyly vysoku cenu a schopnost’ detekovat’ neisté predikcie
by umoznila dohliadajucemu lekarovi spracovat relevantné pripady manuélne.

V tejto praci aplikujem niekolko réznych metrik vyvinutych v nedavnom vyskume pre
urcenie neistoty, na modely hlbokého ucenia natrénované pre lokalizaciu cefalometrickych
landmarkov. Nasledne ich vyhodnotim a porovnavam v sade experimentov, ktorych tlohou
je urcit, nakolko jednotlivé metriky poskytuji uzZito€na informéciu o tom, ako si je model
isty svojou predpovedou.

Popis rieSenia

Pre porovnanie analyzovanych met6d som si vybral dataset cefalogramov [45], ktory ob-
sahuje naanotované pozicie devatnastich anatomickych landmarkov. Navrhnuté modely pre
vstupny obrazok predikuju devatnast heat méap, kazda odpoveda jednému landmarku. Heat
mapa je nasledne konvoluovana s gaussovskym filtrom a ako finalna pozicia landmarku je
vybrand lokacia maxima vo vyslednej aktivatnej mape.

V praci porovnavam tri metriky pre odhad neistoty modelov hlbokého ucenia. Dve
pochadzaju z nedavneho vyskumu v tejto oblasti a su aplikovatelné na rozne typy uloh
(klasifikacia, detekcia objektov a dalSie). Tretiu metriku som navrhol sam, pricom je ap-
likovatelna primarne pre regresiu landmarkov.

Pre rieSenie ulohy som navrhol architektiru konvolu¢nej neurénovej siete (CNN) vy-
chadzajucu zo siete U-Net [36], ktora je popularna pri spracovani medicinskych dat. Na jej
zaklade som natrénoval tri modely zvané Baseline, Ensemble a MC-Dropout (kazdy vyuZzi-
vajuci jednu z metrik), ktoré poskytuju predikciu pozicie landmarkov spolu s odhadom jej
neistoty.

Baseline je CNN model bez dropout vrstiev, ktory vyuziva pre odhad neistoty maximum
aktivacie heat mapy predikovanej pre kazdy z landmarkov. Pri navrhu tejto metriky som
oCakaval, Ze pre landmarky, u ktorych si model predikciou nie je isty, bude tato hodnota
relativne nizSia v porovnani so spravne predikovanymi landmarkami.

Ensemble je ensemble model zloZzeny z 15 Baseline modelov a vychadza z mysSlienok
prezentovanych v praci Lakshminarayanan et al. [5]. Pre odhad neistoty vyuZiva rozptyl
predikcii jednotlivych ¢lenov ensemblu.

Model MC-Dropout aplikuje pristup, ktorého primarnym autorom je Gal [9], a ktory
reformuluje konvolu€né siete vyuZivajlce dropout vrstvy ako Bayesovské modely. Pre odhad
neistoty vyuziva rovnako rozptyl predikcii, ktory sa ale v tomto pripade pocita z 15 vzorkov
vygenerovanych z modelu Monte Carlo vzorkovanim.

Vykon vSetkych troch implementovnaych modelov na lokalizacnej ulohe je porovnatelny
s najlepSim rieSenim [45] v sUtaZi z ktorej pochadza pouZity dataset. Natrénované modely
zaostavaju v uspechu detekcie s chybovou toleranciou 2 a 2.5 mm, ¢o je spdsobené tym,
Ze boli trenovaci dataset obsahoval obrazky podvzorkované na velkost 128x128. To je z



h©adiska cie©ov prace akceptovate©né, kea®e v nej ide primarne o porovnanie metrik neistoty
a nie o dosiahnutie £0 najlep2ieho vysledku z h©adiska lokaliz&cie.

Efektivitu jednotlivych metrik neistoty som porovnal pomocou sady experimentov,
ktorych cie©om bolo najs” existenciu vz'ahu medzi spravnos’ou predikcie a vy2kou danej
metriky. Pre ka°dy predikovany landmark produkuji natrénované modely jednak jeho pozi-
ciu a zarove- hodnotu neistoty. Pre testovacie obrazky je predikovana pozicia landmarku
porovhana s jeho anotovanou poziciou, prifom vysledkom je radidlna detekEna chyba.

Prvym experimentom bola korelafEna analyza medzi ve©kos ou radialnej detekEnej chyby
pre dany landmark a odpovedajicou hodnotou metriky neistoty. Maximum aktivacie heat
mapy zaznamenalo slaby vysledok s Pearsonovym korelaEnym koe cientom=  0:13 (za-
porné pre tato metriku indikuje utito£nos’, kea®e predpokladame, °e neistota modelu
klesa so stupajucou hodnotou aktivacie). Rozptyl predikcie modelu Ensemble dosiahol

= 0:31 a a rozptyl predikcie modelu MC-Dropout = 0:22, £0 naznafuje pre tento
experiment vy2iu efektivitu tychto metrik neur£itosti.

Vizualna analyza predpovedi modelu naznafila, °e testovacie data su prili2 podobné
trénovacim a modely na nich dosahuju tak vysoku Uspe2nos’, °e metriky neistoty nemajl
ve©ku vypovednu hodnotu. V realnom nasadeni je v2ak mo°né ofakava’, °e modely budu
pracova’ aj s datami, ktoré su znafne odlizné od tych, ktoré videli po£as tréningu. Model
by mal by” schopny upozorni” na data, ktoré s pre- nato©ko nezname, °e si svojou pred-
poverou nie je isty. Vzh©adom na to, °¢ som nemal k dispozicii haanotovany dataset s
odliznou distribuciou, v2etky tri modely som podtrénoval (tréning bol ukon£eny pred dosi-
ahnutim konvergencie) a experiment zopakoval.

Rozptyl predikcie modelu MC-Dropout dosiahol v tomto pripade v korelatEnej analyze
s radialnou detekfEnou chybou = 0:86 a rozptyl predikcie modelu Ensemble = 0:85, £0
je podstatné zlep2enie oproti plne natrénovanym modelom. Maximum aktivacie heat mapy
sa podobne zlepzilo a dosiahlo = 0:35. Je teda mo°né usudi’, e ulito£nos” v2etkych
troch metrik rastie spolu so vzdialenos ou evaluovanych dat od tréningovej distriblcie dat.

V mallom experimente som aplikoval na cely testovaci dataset elasticki deformaciu.
Wtvoril som tak jeho 40 képii, priEom na ka°du z nich bola aplikovana deformécia s roz-
nou magnitidou. Cie©om bolo overi’, £i existuje korelacia medzi hodnotou jednotlivych
metrik neistoty pri predikcii a rasticou mierou deforméacie dat. Hypotézou bolo, °e neis-
tota modelov bude ras” spolu so silou deformacie aplikovanej na dataset, £0 opa overi
ich schopnos” detekova” data vzdialené od tréningovej distriblcie. V experimente bola
vykonana korelaEna analyza medzi silou deformacie aplikovanej na dataset a priemernou
hodnotou metriky neistoty naprief predikovanymi landmarkami. Pre v2etky metriky bola
spomenuta schopnos” jednozna£ne potvrdena. Najlep2i vysledok dosiahlo maximum aktiva-
cie heat mapy Baseline modelu s = 0:95, malej MC-Dropout s = 0:85a Ensemble s

=0:8L

Pri tvorbe cefalogramu je v idealnom pripade pacientova hlava perfektne zarovnana so
sagitalnou rovinou a nedochaza k Ciadnej rotacii v lateralnom smere. To v2ak nemusi v
redlnom nasadeni modelu vedy plati” (pacient mé°e hlavou pri snimani pohna’), £0 mé°e
cefalogram znehodnoti” pre potreby predikcie landmarkov. Cie©om posledného experimentu
bolo overi” schopnos” metrik neistoty detekova” cefalogramy, v ktorych je hlava pacienta lat-
eralne natofena. Ker% dataset lateralne nato£enych cefalogramov nie je vo©ne k dispozicii,
vytvoril som ho pouitim CT snimku lebky. CT objem bol najprv lateralne zrotovany v
rozmedzi od -45 do 45 stup-ov v axialnej rovine. Vysledny objem bol nésledne premiet-
nuty na sagitalnu rovinu s£itanim hodnét intenzit prekryvajicich sa voxelov. Nasledne som
analyzoval korelaciu medzi ve©kos ou rotacie a hodnotou metrik neistoty. V2etky tri mod-



ely a ich metriky neistoty si schopné lateralnu rotaciu detekova’. Odpovedajlce korelaEné
koe cienty s = 0:91 pre Baseline, =0:95pre Ensemble a =0:88 pre MC-Dropout.

Zhodnotenie vysledkov

V2etky tri analyzované metriky neistoty sa ukazali by” u®ito£né pri detekcii dat pochadza-
jucich z distribucie vzdialenej od tej tréningovej. Metriky zalo®ené na rozptyle predikcii
mali konzistentne lep2ie vysledky naprie2 vykonanymi experimentami ako maximum ak-
tivacie heat mapy. Oba rozptyly predikcii vykazovali v experimentoch podobné chovanie,
prifom metrika modelu Ensemble mala mierne lep2ie vysledky. To je mo°né vysvetli’
va£2im mnao°stvom parametrov, ktoré su dostupné ensemblu 15 modelov oproti jednému
CNN modelu zalo®enom na metéde MC dropout. Experiment s podtrénovanymi modelmi
zarove- ukazal, %e ulito£nos” v2etkych troch metrik stlipa, ak su evaluované data pre model
nezname. To je dole®ity vysledok, preto®e v redlnom nasadeni v medicinskych systémoch,
ktoré pracuju s datami z r6znych pristrojov, je takato situacia najpravdepodobnej?ia a
model by mal by schopny robustnej reakcie na 2irokd 2kalu vstupov.

Prezentovany vyskum by mohol pokrafova” roznymi smermi. Dataset anotovanych ce-
falogramov pochadzajuci z iného pristroja by bol utito£ny pre potvrdenie vykonanych ex-
perimentov. Modely by tie® mohli by” natrénované pre lokalizaciu Uplne odli2nej sady land-
markov. ,alej by mohli by” metriky zalo®ené na rozptyle predikcii evaluované na odli2nej
Ulohe akou je napriklad klasi kacia alebo segmentacia.
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Chapter 1

Introduction

The relatively recent major work of Krizhevsky et al. [18] in 2012 which achieved state-of-
the-art results on the ImageNet [38] classi cation task, has started a wave of successful deep
learning applications in various scienti c areas [37] that now also extends to the medical
eld [25].

The shortcoming of deep learning models is that they are usually treated as deter-
ministic functions and provide only point estimates of predictions and model parameters
without any associated measure of uncertainty. This may lead to situations in which we
cannot tell whether a model is making reasonable predictions or just randomly guessing [7].
This is a crucial disadvantage for medical diagnosis which places heavy emphasis on risk-
management. The information about the reliability of model predictions is a central re-
quirement for their incorporation into the health-care diagnostic systems [47]. Deep learning
models should thus provide each prediction with an estimate of its uncertainty. This would
allow the diagnostic system to distinguish between easy cases which can be handled auto-
matically and di cult ones which may instead be referred to a supervising physician for
review [25].

On the other hand, models based on probability and uncertainty have been extensively
studied in the Bayesian machine learning community. They provide a probabilistic view
that o ers con dence bounds when performing decision making [7] but usually come with
a prohibitive computational cost. To take advantage of the qualities of deep learning models
and still have the option of assessing the uncertainty of their predictions, it has been
suggested [9] to recast them as Bayesian models using the popular dropout [13] technique
often used for regularization. However, if turned on at test time, it can also be viewed as
a way to approximate Bayesian inference by averaging multiple model predictions.

Additionally, while deep model ensembles have long been known to increase perfor-
mance in terms of predictive accuracy [5] this work also explores a recent non-Bayesian
line of research [20] which approaches them as an alternative way for obtaining uncertainty
estimates.

Chapter 2 of this thesis provides an overview of deep learning applications in medicine.
Chapter 3 rst introduces the concept of uncertainty in machine learning more formally
and then describes the recent research which aims to augment deep learning models with
the ability to estimate it. Chapter 4 designs the solution to a landmark localization task
on a dataset of cephalometric images using the Bayesian and non-Bayesian approaches to
uncertainty modelling as well as a third uncertainty measure proposed by the author. The
implementation details are described in Chapter 5. Chapter 6 evaluates the performance of
the trained models and their corresponding uncertainty measures in a set of experiments.



Chapter 2

Deep Learning in Medical Imaging

Convolutional neural networks (CNNs) have been used for image analysis for decades. In
spite of their initial success they waned in popularity until the ImageNet competition in 2012

in which a CNN model trained by Krizhevsky et al. [18] achieved state-of-the-art results
by a large margin. This was made possible by the e cient use of graphics processing units,
data augmentation and novel components of CNN architectures such as recti ed linear units
or dropout regularization [44].

CNNs have been applied to medical image analysis as far back as 1993 when Lo et al. [40]
used them for lung nodule detection. Similarly to the general computer vision eld, they
did not catch on mainly due to long training times and di cult training [12]. This began
changing in 2015 when the number of papers documenting deep learning in medical image
analysis began to increase rapidly. Since then, deep learning has become the dominant
theme at conferences in this eld [27].

2.1 Challenges for Application

Practitioners applying deep learning to medical image analysis frequently face challenges
that commonly appear in the medical eld. Fortunately, these can often be addressed by

implementing existing approaches from the general eld of computer vision (such as using
data augmentation when there are not enough training examples).

2.1.1 Dataset Size

Deep learning is most e ective when applied to a large dataset of images since this allows
one to take full advantage of all the parameters of a deep model without over tting the
training data. Models competing in the ImageNet [38] challenge are trained on millions of
annotated images. On the other hand, it is not uncommon to have less than a thousand
images in a medical dataset. Various strategies have been proposed to prevent over tting
including (i) taking 2D or 3D image patches as input instead of full-sized images in order
to reduce input size and the number of required model parameters, (ii) applying data
augmentation to expand the dataset, (iii) using models pre-trained on a large amount of
natural images as feature extractors with an added classi er layer on top or (iv) ne-tuning
an entire model pre-trained on natural images [39].



Figure 2.1: Deep learning papers published in the medical imaging eld by year. Di er-
ent color bars correspond to various type of deep learning models used in the papers. The number
of papers for 2017 was extrapolated from the papers published in January [27].

2.1.2 Label Availability and Quality

Even in the cases where there are enough images to train a deep model, it may be di cult
to acquire the ground truth annotations. Creating them requires expert knowledge and is
often a time-consuming process [27]. A possible alternative is to take advantage of crowd-
sourcing to create non-expert labels [34].

Unfortunately, even expert annotations do not guarantee that the data will be imme-
diately usable for training. Medical image annotations frequently su er from label noise
due to disagreement among the annotators. As an example, a popular lung nodule dataset
LIDC-IDRI [40] was annotated by four radiologists. Upon reviewing the annotations, it
was discovered that the number of patterns they did not unanimously classify as nodules
was three times as large as the number of nodules they agreed on [27].

2.1.3 Within Class Heterogeneity

Classi cation or segmentation in medical imaging is often treated as a binary task (healthy
or unhealthy, object or background). This is an oversimpli cation since each of these classes
is usually heterogeneous. A healthy tissue may contain samples that are completely normal
but also several categories of benign ndings that may look quite di erent. This may lead
to systems that are able to detect the normal subclasses very well but fail for the rarer
ones. Converting the task to a multiclass classi cation problem is problematic due to the
time constraints of the expert annotators [27].

2.1.4 Class Imbalance

Medical image datasets often contain an imbalanced ratio of images from the di erent
classes. It is particularly common that there is a relative shortage of images from the ab-



Figure 2.2: t-SNE visualization of skin cancer classes. The picture contains the nal CNN
layer representations of four di erent skin diseases. The colored point clusters show how the model
groups the diseases [6].

normal class. For example, breast cancer screening has led to the acquisition of large number
of mammograms but most of these are normal. Even if suspicious lesions are present, they
are mostly benign. This problem is typically addressed using data augmentation to extend
the dataset with extra samples from the under-represented class [27].

2.2 Applications Tasks

There is a broad range of dierent tasks that automatic analysis can help solve in the
medical eld. The most important of these along with some applications are described
below.

2.2.1 Classi cation

In the medical setting, an image classi cation task is usually binary which means predicting
whether the input image corresponds to a normal (no disease) or abnormal class, but it is
also possible to distinguish between multiple classes. The dataset sizes are usually small
for this task, which has necessitated the use of transfer learning from networks pre-trained
on natural images [27].

Pre-training on natural images may still be bene cial even if there is an abundance of
training data available. Esteva et al. [6] achieved performance comparable to dermatologists
on a skin cancer classi cation task by using a Google Inception v3 CNN pre-trained on
1.28 million images from the ImageNet dataset and ne-tuned on 129,450 images of skin
lesions (see Figure 2.2).



Figure 2.3: CheXNet lung disease detection results. The CheXNet model receives a chest X-
Ray on input and outputs the probability of a pathology. In the example above, it correctly detects
pneumonia and localizes areas (in red color) which it considers most indicative of the disease [35].

Figure 2.4: U-Net segmentation results . Both sets of pictures contain an input image and
a corresponding U-Net output segmentation visualized using a colored mask. The ground truth is
marked by a yellow boundary line [36].

2.2.2 Object Detection

Object detection is concerned with localizing a usually unknown number of objects in
an image. In the medical setting, these are often pathologies or lesions and nding them is
a very important part of the diagnosis process. When done manually by physicians, it is
usually a labor-intensive task which has led to an extensive amount of research in this area
even before the advent of deep learning. The work has focused on both improving detection
accuracy and reducing the time spent by human experts on each case [12].

Architectures used for object detection are frequently similar to or based on architectures
used for classi cation. A recent example is the CheXNet [35] network trained by Rajpurkar
et al. which achieved state-of-the art performance comparable to radiologists when detect-
ing abnormalities on chest X-Rays. The 121-layer CNN was trained from scratch on 112,120
chest X-Ray images annotated with up to 14 diseases (see Figure 2.3).

2.2.3 Segmentation

Segmentation is the most common task addressed by deep learning in medical imaging
papers. It is usually de ned as distinguishing between a set of foreground classes (one
or several di erent organs or substructures) and a background class. This allows for the
further analysis of volume and shape of the objects of interest in the data [27].



Figure 2.5: Landmark localization by heatmap regression. The CNN is trained to predict
a single heatmap for each landmark. The heatmap contains a Gaussian activation at the predicted
landmark location [32].

The rst deep learning approaches to segmentation utilized neural networks which re-
ceived patches obtained by sliding a window over the pixels in the input image. An example
of this approach is work done by Ciresan et al. [3] which performed pixel-wise segmentation
of electron microscopy imagery. One disadvantage of patch-based training approach is that
patches overlap and this leads to redundant computation [27].

Current segmentation approaches use some variant of a fully-convolutional network [28]
(FCN) which contains only convolutional layers without any fully-connected ones. The main
advantage of FCNs is that they take the entire image as input and thus see the full context.
The most popular of these in medical imaging is the U-Net [36] architecture proposed by
Ronneberger et al. for microscopy image segmentation (see Figure 2.4).

2.2.4 Landmark Localization

Anatomical landmark localization is crucial in medical image analysis both as a frequent
pre-processing step for segmentation task and as a part of the clinical process of diagnosis,
planning and therapy [27]. The model can either be taught to regress théx;y) landmark
positions directly, but it is also possible to teach it to predict a landmark heatmap as
proposed by P ster et al. [33]. In the latter case, the network is trained on ground truth
landmark heatmaps (usually a single plane per landmark) where the landmark position is
marked by a Gaussian.

Landmark localization is able to successfully utilize fully-convolutional network archi-
tectures often used for segmentation. This usually amounts to changing the number of
prediction channels in the nal layer to the number of detected landmark heatmaps and
modifying the loss function. Payer et al. [32] tested several FCN architectures on two
datasets of hand scans achieving state-of-the-art results using their newly proposed archi-
tecture.
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