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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 different 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
Táto práca sa zaoberá určením neistoty v predikciách modelov hlbokého učenia. Aj keď
sa týmto modelom darí dosahovať vynikajúce výsledky v mnohých oblastiach počítačového
videnia, ich výstupy sú väčšinou deterministické a neposkytujú mnoho informácií o tom,
ako si je model istý svojou predpoveďou. To je obzvlášť dôležité pri analýze lekárskych
obrazových dát, kde môžu mať omyly vysokú cenu a schopnosť detekovať neisté predikcie
by umožnila dohliadajúcemu lekárovi spracovať relevantné prípady manuálne.

V tejto práci aplikujem niekoľko rôznych metrík vyvinutých v nedávnom výskume pre
určenie neistoty na modely hlbokého učenia natrénované pre lokalizáciu cefalometrických
landmarkov. Následne ich vyhodnotím a porovnávam v sade experimentov, ktorých úlohou
je určiť, nakoľko jednotlivé metriky poskytujú užitočnú informáciu o tom, ako si je model
istý svojou predpoveďou.
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Rozšířený abstrakt

Úvod

Táto práca sa zaoberá určením neistoty v predikciách modelov hlbokého učenia. Aj keď
sa týmto modelom darí dosahovať vynikajúce výsledky v mnohých oblastiach počítačového
videnia, ich výstupy sú väčšinou deterministické a neposkytujú mnoho informácií o tom,
ako si je model istý svojou predpoveďou. To je obzvlášť dôležité pri analýze medicínskych
obrazových dát, kde môžu mať omyly vysokú cenu a schopnosť detekovať neisté predikcie
by umožnila dohliadajúcemu lekárovi spracovať relevantné prípady manuálne.

V tejto práci aplikujem niekoľko rôznych metrík vyvinutých v nedávnom výskume pre
určenie neistoty, na modely hlbokého učenia natrénované pre lokalizáciu cefalometrických
landmarkov. Následne ich vyhodnotím a porovnávam v sade experimentov, ktorých úlohou
je určiť, nakoľko jednotlivé metriky poskytujú užitočnú informáciu o tom, ako si je model
istý svojou predpoveďou.

Popis riešenia

Pre porovnanie analyzovaných metód som si vybral dataset cefalogramov [45], ktorý ob-
sahuje naanotované pozície devätnástich anatomických landmarkov. Navrhnuté modely pre
vstupný obrázok predikujú devätnásť heat máp, každá odpovedá jednému landmarku. Heat
mapa je následne konvoluovaná s gaussovským filtrom a ako finálna pozícia landmarku je
vybraná lokácia maxima vo výslednej aktivačnej mape.

V práci porovnávam tri metriky pre odhad neistoty modelov hlbokého učenia. Dve
pochádzajú z nedávneho výskumu v tejto oblasti a sú aplikovateľné na rôzne typy úloh
(klasifikácia, detekcia objektov a ďalšie). Tretiu metriku som navrhol sám, pričom je ap-
likovateľná primárne pre regresiu landmarkov.

Pre riešenie úlohy som navrhol architektúru konvolučnej neurónovej siete (CNN) vy-
chádzajúcu zo siete U-Net [36], ktorá je populárna pri spracovaní medicínskych dát. Na jej
základe som natrénoval tri modely zvané Baseline, Ensemble a MC-Dropout (každý využí-
vajúci jednu z metrík), ktoré poskytujú predikciu pozície landmarkov spolu s odhadom jej
neistoty.

Baseline je CNN model bez dropout vrstiev, ktorý využíva pre odhad neistoty maximum
aktivácie heat mapy predikovanej pre každý z landmarkov. Pri návrhu tejto metriky som
očakával, že pre landmarky, u ktorých si model predikciou nie je istý, bude táto hodnota
relatívne nižšia v porovnaní so správne predikovanými landmarkami.

Ensemble je ensemble model zložený z 15 Baseline modelov a vychádza z myšlienok
prezentovaných v práci Lakshminarayanan et al. [5]. Pre odhad neistoty využíva rozptyl
predikcií jednotlivých členov ensemblu.

Model MC-Dropout aplikuje prístup, ktorého primárnym autorom je Gal [9], a ktorý
reformuluje konvolučné siete využívajúce dropout vrstvy ako Bayesovské modely. Pre odhad
neistoty využíva rovnako rozptyl predikcií, ktorý sa ale v tomto prípade počíta z 15 vzorkov
vygenerovaných z modelu Monte Carlo vzorkovaním.

Výkon všetkých troch implementovnaých modelov na lokalizačnej úlohe je porovnateľný
s najlepším riešením [45] v súťaží z ktorej pochádza použitý dataset. Natrénované modely
zaostávajú v úspechu detekcie s chybovou toleranciou 2 a 2.5 mm, čo je spôsobené tým,
že boli trénovací dataset obsahoval obrázky podvzorkované na veľkosť 128x128. To je z



h©adiska cie©ov práce akceptovate©né, ke¤ºe v nej ide primárne o porovnanie metrík neistoty
a nie o dosiahnutie £o najlep²ieho výsledku z h©adiska lokalizácie.

Efektivitu jednotlivých metrík neistoty som porovnal pomocou sady experimentov,
ktorých cie©om bolo nájs´ existenciu vz´ahu medzi správnos´ou predikcie a vý²kou danej
metriky. Pre kaºdý predikovaný landmark produkujú natrénované modely jednak jeho pozí-
ciu a zárove¬ hodnotu neistoty. Pre testovacie obrázky je predikovaná pozícia landmarku
porovnaná s jeho anotovanou pozíciou, pri£om výsledkom je radiálna detek£ná chyba.

Prvým experimentom bola korela£ná analýza medzi ve©kos´ou radiálnej detek£nej chyby
pre daný landmark a odpovedajúcou hodnotou metriky neistoty. Maximum aktivácie heat
mapy zaznamenalo slabý výsledok s Pearsonovým korela£ným koe�cientom� = � 0:13 (zá-
porné � pre túto metriku indikuje uºito£nos´, ke¤ºe predpokladáme, ºe neistota modelu
klesá so stúpajúcou hodnotou aktivácie). Rozptyl predikcie modelu Ensemble dosiahol
� = 0 :31 a a rozptyl predikcie modelu MC-Dropout � = 0 :22, £o nazna£uje pre tento
experiment vy²²iu efektivitu týchto metrík neur£itosti.

Vizuálna analýza predpovedí modelu nazna£ila, ºe testovacie dáta sú príli² podobné
trénovacím a modely na nich dosahujú tak vysokú úspe²nos´, ºe metriky neistoty nemajú
ve©kú výpovednú hodnotu. V reálnom nasadení je v²ak moºné o£akáva´, ºe modely budú
pracova´ aj s dátami, ktoré sú zna£ne odli²né od tých, ktoré videli po£as tréningu. Model
by mal by´ schopný upozorni´ na dáta, ktoré sú pre¬ nato©ko neznáme, ºe si svojou pred-
pove¤ou nie je istý. Vzh©adom na to, ºe som nemal k dispozícii naanotovaný dataset s
odli²nou distribúciou, v²etky tri modely som podtrénoval (tréning bol ukon£ený pred dosi-
ahnutím konvergencie) a experiment zopakoval.

Rozptyl predikcie modelu MC-Dropout dosiahol v tomto prípade v korela£nej analýze
s radiálnou detek£nou chybou� = 0 :86 a rozptyl predikcie modelu Ensemble� = 0 :85, £o
je podstatné zlep²enie oproti plne natrénovaným modelom. Maximum aktivácie heat mapy
sa podobne zlep²ilo a dosiahlo� = � 0:35. Je teda moºné usúdi´, ºe uºito£nos´ v²etkých
troch metrík rastie spolu so vzdialenos´ou evaluovaných dát od tréningovej distribúcie dát.

V ¤al²om experimente som aplikoval na celý testovací dataset elastickú deformáciu.
Vytvoril som tak jeho 40 kópií, pri£om na kaºdú z nich bola aplikovaná deformácia s rôz-
nou magnitúdou. Cie©om bolo overi´, £i existuje korelácia medzi hodnotou jednotlivých
metrík neistoty pri predikcii a rastúcou mierou deformácie dát. Hypotézou bolo, ºe neis-
tota modelov bude rás´ spolu so silou deformácie aplikovanej na dataset, £o opä´ overí
ich schopnos´ detekova´ dáta vzdialené od tréningovej distribúcie. V experimente bola
vykonaná korela£ná analýza medzi silou deformácie aplikovanej na dataset a priemernou
hodnotou metriky neistoty naprie£ predikovanými landmarkami. Pre v²etky metriky bola
spomenutá schopnos´ jednozna£ne potvrdená. Najlep²í výsledok dosiahlo maximum aktivá-
cie heat mapy Baseline modelu s� = � 0:95, ¤alej MC-Dropout s � = 0 :85 a Ensemble s
� = 0 :81.

Pri tvorbe cefalogramu je v ideálnom prípade pacientova hlava perfektne zarovnaná so
sagitálnou rovinou a nedocháza k ºiadnej rotácii v laterálnom smere. To v²ak nemusí v
reálnom nasadení modelu vºdy plati´ (pacient môºe hlavou pri snímaní pohnú´), £o môºe
cefalogram znehodnoti´ pre potreby predikcie landmarkov. Cie©om posledného experimentu
bolo overi´ schopnos´ metrík neistoty detekova´ cefalogramy, v ktorých je hlava pacienta lat-
erálne nato£ená. Ke¤ºe dataset laterálne nato£ených cefalogramov nie je vo©ne k dispozícii,
vytvoril som ho pouºitím CT snímku lebky. CT objem bol najprv laterálne zrotovaný v
rozmedzí od -45 do 45 stup¬ov v axiálnej rovine. Výsledný objem bol následne premiet-
nutý na sagitálnu rovinu s£ítaním hodnôt intenzít prekrývajúcich sa voxelov. Následne som
analyzoval koreláciu medzi ve©kos´ou rotácie a hodnotou metrík neistoty. V²etky tri mod-
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ely a ich metriky neistoty sú schopné laterálnu rotáciu detekova´. Odpovedajúce korela£né
koe�cienty sú � = � 0:91 pre Baseline,� = 0 :95 pre Ensemble a� = 0 :88 pre MC-Dropout.

Zhodnotenie výsledkov

V²etky tri analyzované metriky neistoty sa ukázali by´ uºito£né pri detekcii dát pochádza-
júcich z distribúcie vzdialenej od tej tréningovej. Metriky zaloºené na rozptyle predikcií
mali konzistentne lep²ie výsledky naprie² vykonanými experimentami ako maximum ak-
tivácie heat mapy. Oba rozptyly predikcií vykazovali v experimentoch podobné chovanie,
pri£om metrika modelu Ensemble mala mierne lep²ie výsledky. To je moºné vysvetli´
vä£²ím mnoºstvom parametrov, ktoré sú dostupné ensemblu 15 modelov oproti jednému
CNN modelu zaloºenom na metóde MC dropout. Experiment s podtrénovanými modelmi
zárove¬ ukázal, ºe uºito£nos´ v²etkých troch metrík stúpa, ak sú evaluované dáta pre model
neznáme. To je dôleºitý výsledok, pretoºe v reálnom nasadení v medicínskych systémoch,
ktoré pracujú s dátami z rôznych prístrojov, je takáto situácia najpravdepodobnej²ia a
model by mal by´ schopný robustnej reakcie na ²irokú ²kálu vstupov.

Prezentovaný výskum by mohol pokra£ova´ rôznymi smermi. Dataset anotovaných ce-
falogramov pochádzajúci z iného prístroja by bol uºito£ný pre potvrdenie vykonaných ex-
perimentov. Modely by tieº mohli by´ natrénované pre lokalizáciu úplne odli²nej sady land-
markov. „alej by mohli by´ metriky zaloºené na rozptyle predikcií evaluované na odli²nej
úlohe akou je napríklad klasi�kácia alebo segmentácia.
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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.
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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].

4



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-
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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 di�erent 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).
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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].
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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 the(x; 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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