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ABSTRACT

ANATOMIC CONTEXT-AWARE SEGMENTATION
OF ORGANS-AT-RISK IN THORAX COMPUTED
TOMOGRAPHY SCANS

Haya Shamim Khan Khattak
M.S. in Computer Engineering
Advisor: Cigdem Giindiiz Demir
Co-Advisor: Selim Aksoy
December 2022

Organ segmentation plays a crucial role in disease diagnosis and radiation therapy
planning. Efficient and automated segmentation of the organs-at-risk (OARs) re-
quires immediate attention since manual segmentation is a time consuming and
costly task that is also prone to inter-observer variability. Automatic segmen-
tation of organs-at-risk using deep learning is prone to predicting extraneous
regions, especially in apical and basal slices of the organs where the shape is dif-
ferent from the center slices. This thesis presents a novel method to incorporate
prior knowledge on shape and anatomical context into deep-learning based organ
segmentation. This prior knowledge is quantified using distance transforms that
capture characteristics of the shape, location, and relation of the organ position
with respect to the surrounding organs. In this thesis, the role of various distance
transform maps has been explored to show that using distance transform regres-
sion, alone or in conjunction with classification, improves the overall performance
of the organ segmentation network. These maps can be the distance between each
pixel and the center of the organ, or the closest distance between two organs; such
as the esophagus and the spine. When used in a single-task regression model,
these distance maps improved the segmentation results. Moreover, when used
in a multi-task network with classification being the other task, they acted as
regularizers for the classification task and yielded improved segmentations. The
experiments were conducted on a computed tomography (CT) thorax dataset of
265 patients and the organs of interest are the heart, the esophagus, the lungs,
and the spine. The results revealed a significant increase in f-scores and decrease
in the Hausdorff distances for the OARs when segmented using the proposed
model compared to the baseline network architectures.
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OZET

TORAKS BILGISAYARLI TOMOGRAFI
TARAMALARINDA RISK ALTINDAKI ORGANLARIN
ANATOMIK ICERIK FARKINDALL
SEGMENTASYONU

Haya Shamim Khan Khattak
Bilgisayar Miihendisligi, Yiiksek Lisans
Tez Danigmani: Cigdem Gilindiiz Demir

Ikinci Tez Danigmani: Selim Aksoy
Aralik 2022

Organ segmentasyonu, hastalik teshisinde ve radyasyon tedavisi planlamasinda
¢ok 6nemli bir rol oynar. Manuel segmentasyon zaman alici ve maliyetli ol-
masinin yani sira gozlemciler arasi degiskenlige de yatkin oldugundan, risk al-
tindaki organlarin (RAO’larin) verimli ve otomatik segmentasyonu daha énemli
bir hale gelir. Risk altindaki organlarin derin 6grenme kullanilarak otomatik seg-
mentasyonu, 6zellikle merkez kesitlerin geklinin apikal ve bazal kesitlerden farkh
oldugu organlarda, hata yaparak dig bolgeleri tahmin etmeye egilimlidir. Bu tez,
sekil ve anatomik igerik hakkindaki 6n bilgileri derin 6grenmeye dayali organ seg-
mentasyonuna dahil etmek i¢in yeni bir yontem sunar. Bu 6n bilgiyi nicelemek
i¢in, organin sekli, konumu ve organ pozisyonunun cevredeki organlara gore il-
iski karakteristiklerini yakalayan mesafe doniistimlerini kullanir. Bu tezde, mesafe
doniistimii regresyonunun tek bagina veya siiflandirma ile birlikte kullanilmasinin
organ segmentasyonu aginin genel performansimi iyilestirdigini gostermek icin
gesitli mesafe doniigimlerinin rolii arastirilmigtir. Mesafe doniigiimii olarak,
her piksel ile organin merkezi arasindaki mesafe veya O6rnegin yemek borusu ve
omurga gibi iki organ arasindaki en yakin mesafe kullanilmigtir. Bu tez, tek
gorev regresyon modelinde kullanildiginda, bu mesafe doniisiimlerinin segmenta-
syon sonuglarimi iyilegtirdigini gdstermistir. Ayrica, siniflandirmanin diger gorev
oldugu cok gorevli bir agda kullanildiginda, simiflandirma gorevi i¢in diizenleyici
olarak caligip segmentasyonu iyilestirdigi gdzlemlenmistir. Deneyler, 265 hastanin
bilgisayarli tomografi (BT) toraks veri seti tizerinde gergeklestirilmigtir. Kalp,
yemek borusu, akcigerler ve omurga ilgi bolgeleri olarak segilmigtir. Sonugclar,
onerilen model kullanilarak RAO’lar igin segmentasyon yapildiginda, temel ag
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mimarilerine kiyasla, f-skorlarinda onemli bir artiy ve Hausdorff mesafelerinde

azalma oldugunu gostermigtir.

Anahtar sozciikler: Derin 6grenme, medikal goriintii analizi, riskli organ segmen-
tasyonu, akciger kanseri, mesafe doniisiimleri, bilgisayarli tomografi segmentasy-

onu.
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Chapter 1

Introduction

Lung cancer patients are treated with radiation at one point during their progno-
sis, which includes careful radiation therapy to target only the cancerous tissues
and protect the healthy organs. Computed tomography (CT) scan is the most
commonly used cross sectional imaging modality used by radiation oncologists
for radiation therapy planning. The procedure includes delineating all the organs
in the thorax CT scans such as the heart, lungs, esophagus, and spine. Efficient
and automated segmentation of these organs at risk (OARs) requires immediate
attention since manual segmentation is a time consuming and a costly task and
prone to inter-observer variability [5]. The aim of this thesis is to use manual
segmentations to train a machine learning model that can accurately segment the
organs in the thorax automatically. This information is then useful for disease

diagnosis and radiation therapy planning.

However, this task comes with its challenges. Organs other than the lungs
and the spine do not offer high contrasts in CT scan images, coupled with the
fact that soft tissues and organs do not occupy the same position throughout the
axial slices, it makes it extremely difficult to segment low contrast organs [6].
Most organs such as the heart and the esophagus also do not have a consistent
shape throughout the axial slices, posing problems for generalized segmentation

algorithms. The shape inconsistencies as well as variation in position in one of



the patients can be seen in Figure 1.1.

Traditional fully convolutional network (FCN) based deep learning segmenta-
tion models such as the UNet [1| can perform organ segmentation of these thorax
CT scans to some extent but they fail at apical and basal slices where the shape of
the organ becomes very different. To address this problem, this thesis explored the
use of distance transforms to embed more contextual and prior knowledge during
the training of FCNs to achieve better segmentations in the difficult slices. The
prior knowledge captures characteristics of the shape, location, and some domain
information. Domain information refers to the anatomical facts that are true for
all organs across all images such as that the heart is located always between the
lungs. An axial slice may or may not contain all three organs i.e., the left and the
right lung and the heart, but if the slices does contain all three then the heart
will be located between the lungs. This thesis quantifies such domain information
and uses it to boost the performance of traditional deep learning segmentation

models.

To quantify this information, this thesis relies on making use of distance trans-
form maps. Distance transform maps have been previously used to successfully
boost segmentation networks [7]. A distance transform is a derived representation
of a digital image; it receives a binary image as an input and outputs a distance
map. The distance map is the same dimensions as that of the input image and
contains the same number of pixels, however, each pixel contains the Euclidean
distance to an obstacle pixel of choice such as the boundary, center, or any other
point of interest. The distance maps can be signed or unsigned. In [8], signed
distance maps are used in a deep regression network to obtain improved seman-
tic segmentation. In the DeepDistance model [9], the distance maps calculated
using the center of the cell, and the maps calculated using the boundary of the
cell are used to successfully delineate boundaries of cells and achieve better cell
detection in inverted microscopy images. This thesis makes use of the two kinds
of distance maps: 1) inner-distance maps, which are calculated using the center
of the organ, and 2) distance-to-landmark maps containing distance to a neigh-

bouring organ. The landmark organ in this thesis is defined as a high contrast
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Figure 1.1: Samples showing variation in shape and location of soft tissue organs
across different slices in the thorax CT. The images in (a) and (b) show the
heart contours in red; these images are obtained from the same patient but from
different slice position of the thorax CT. The images in (c¢) and (d) show the same
for the esophagus



easy-to-segment organ in the CT scan. This thesis introduces a novel method of
utilizing the relationship between landmark organs and the low contrast organs
using domain information to improve the segmentation of the low contrast, and

thus, hard-to-segment organs.

The choice of landmark organs is made after a qualitative analysis of the CT
scan images. The lungs and the spine offer a high contrast due to the role of air
and bone density in tomography. The lungs filled with air occupy the darkest
regions in the thorax whereas the spine is often the brightest object in a scan.
This is consistent throughout the thorax scans. Therefore, this thesis proposes
to use this as prior information to aid the segmentation model. More specifically,
this work proposes the use of the lungs and the spine as landmark organs since
the contrast of the lungs and the spine in the CT scans is more apparent than
other soft tissues. The landmark organ will be used to create a distance map
with respect to the target organ. This distance map contains more information
than the simple ground truth maps where each pixel is labeled in the organ
region. The distance map has values only in the region of the target organ, so it
encompasses the shape and boundary information, and since these distance values
are with respect to the landmark organ, the maps contain location information
as well as information of its spatial proximity. The target organs chosen are the
esophagus and the heart, and their landmark organ is the spine and the lungs,
respectively. The relationship of these target organs to their landmark organs
makes the distance maps very informative vis-‘a-vis their location. Furthermore,
this study uses inner-distance maps to improve the segmentation of the lungs and

achieve state-of-the-art thorax OAR segmentation.

To the best of our knowledge, this is the first work that has incorporated do-
main knowledge by successfully quantifying it in the form of a distance transform
that is then used to train an end-to-end multi-task FCN, resulting in a fully au-
tomated segmentation model with improved results. This thesis also shows how
to use easier to obtain distance transforms such as distance to the center or to

the boundary as regression tasks and obtain better segmentations.



1.1 Contributions

The contributions of this thesis are as follows:

e We proposed an automated framework for the segmentation of OARs in
thorax CT scans that achieves high f-scores. The ablation study shows that
this network achieves competitive results compared to the state-of-the-art
models. This thesis focused on five organs of the thorax: the heart, the
esophagus, the right and the left lung, and the spine and showed the most
suitable network for each of these organs. This model can be applied to
other similar datasets as well such as OAR segmentation in abdomen CT

scans, head and neck CT scans or even whole body CT scans.

e The proposed model leverages shape information of the organ using inner-
distance maps generated from a distance transform that measures the dis-
tance between the organ centroid and each pixel of the organ. These dis-
tance maps, when used in a deep regression network, produce more accurate
segmentations. Since each pixel carries more information about the mor-
phology of the organ, the network infers better semantics after training

using these maps.

e We proposed the use of a distance-to-landmark map, which is generated
from a distance transform that measures the distance of the organ of in-
terest to another landmark organ that is anatomically related and provides
relevant spatial and location information of the target organ. These dis-
tance maps embed shape and location information, and anatomical con-
text. When used in conjunction with a segmentation task in a multi-task
learning framework, we achieved improved semantic segmentation of the or-
gans in the apical and basal slices where simple networks often have trouble

predicting correct segmentations.



1.2 Outline

This thesis is organized as follows. In Chapter 2, a summary of the related work
in the literature and the background information is provided. In Chapter 3,
a detailed methodology is given with in-depth explanations about the distance
transform maps, how they are calculated and how they are used in our network,
followed by an overview of the network design used. In Chapter 4, the details of
the experiments are given with information about the datasets used, the param-
eters for training, and the calculations of the metrics as well as the motivations
why they were chosen. This chapter also provides the experimental results. In

Chapter 5, where the thesis is concluded with discussions for future work.



Chapter 2

Background

This chapter will provide background on computed tomography (CT) scans and
the importance of automating organ delineation in CT scans. It will then briefly
discuss traditional methods of automatic organ segmentation that are widely
used in commercial tools used for planning radiation therapy. Moving on, this
chapter will introduce deep learning methods and their application in medical
image segmentation. Finally, it will outline some machine learning approaches
that have been used for organ segmentation in CT images, as well as some other
works that have leveraged distance transform maps or anatomical context to

achieve improved performance of their models.

2.1 Radiation Therapy and Computed Tomogra-
phy

One of the main causes of cancer deaths is lung cancer and according to American
Cancer Society’s projection, it causes 350 deaths per day in the United States [10].
Therefore, cutting edge research has been carried out to improve the mortality

rate of lung cancer such as using low-dose computed tomography screening for



(a) (b)

Figure 2.1: A sample showing extremely low contrast in CT images for soft-tissues
such as the heart and the esophagus in an axial slice from a thorax CT scan.
(a)Original image and (b)Organ Contours.

early detection and non-invasive treatment and highly efficient treatment meth-
ods such as radiation therapy [11]. Radiation therapy relies on medical imaging
techniques that make it possible for domain experts to view all the neighboring
tissues and organs of the tumor and make accurate dose calculations. For now,
CT is the primary three-dimensional imaging modality used for dose calculation
in radiation oncology therapy [12]. However, CT does have some disadvantages.
It offers suboptimal soft-tissue contrast, as shown in Figure 2.1. This makes it
hard to delineate organs at risk and increases the chances of interobserver varia-
tions. Organs at risk (OAR) are the organs neighboring the tumor region that is
to be targeted using the radiation beams. The ultimate goal of radiation therapy
is to minimize any damage that can be caused by radiation to other soft-tissue
by keeping the region of radiation as precise as possible. This makes it neces-
sary that the organ and tumor segmentation is carried out accurately for efficient
treatment and a highly precise organ segmentation method would reduce the risk

involved in administering radiation therapy.



2.2 Organ Segmentation using Traditional Meth-

ods

Among other traditional organ segmentation methods, the most widely used are

the statistical models and atlas-based methods.

A simple method for automatic segmentation that is included in a number
of commercial products is the atlas-based method. With the images to be seg-
mented, this approach registers atlas templates that contain precontoured struc-
tures, and the precontoured structures are propagated to the new images. The
accuracy of image registration has a significant impact on the segmentation ac-
curacy [13] of this method. Accurate registration is not always ensured due to
variations in organ shape across slices and one patient differing from another. A
large atlas dataset with enough variation can help solve this problem. However,
it is challenging to incorporate all potential cases in the templates due to the

unpredictable nature of tumor morphology.

For automated segmentation, the statistical model-based method [14] uses sta-
tistical shape models. The accuracy of these methods depends on the validity of
the models. Although anatomical knowledge from existing datasets is used to

build the models, the generalized models perform poorly on irregular pictures.

2.3 Deep Learning

2.3.1 Deep Learning for Organ Segmentation

Convolutional neural networks (CNNs) are the deep learning models that have
shown remarkable performance in many computer vision tasks including semantic
segmentation. Deep learning allows end-to-end training, and therefore, the need

for meticulous feature extraction is skipped since the network is able to learn the



feature representations automatically. One of the first works [15] performing au-
tomatic segmentation using deep learning proposed a fully convolutional network
for 3D liver segmentation. An esophagus segmentation model [16] uses a random
walker approach along with a CNN to incorporate neighboring pixel intensities
during training to obtain more accurate segmentations. An early multi-organ
segmentation using CNNs [17] segmented OAR in the head and neck CT images.
It concluded that, although CNNs are potentially useful models for automatic

segmentation, they can be improved using additional information.

OAR segmentation is important for radiation therapy, in which the tumor re-
gion, also called the clinical target volume (CTV), is delineated along with the
OARs for effective and precise radiation. Most studies focus on OAR segmenta-
tion, except for [18] in which a deep dilated CNN was used to effectively segment
the CTV, and five OARs for enhanced rectal cancer radiation therapy. The most
popular model for medical image segmentation is UNet [1] since it not only labels
each pixel but also salvages the location of the pixel by producing the output
map in the same dimensions as the input. UNet uses the idea of defining skip
connections between the corresponding encoder and decoder layers, in which fea-
tures learned earlier on are carried to the denser layers, hence there is less loss of
information in the pooling layers. This model has outperformed all other types of
CNNg, particularly for medical image segmentation, as oftentimes these datasets
are smaller. UNet does have some limitations, such as inaccurate boundary region

segmentations, and so improved versions of this model are being introduced.

For instance, the UNet-GAN [19] model combines UNet in a GAN inspired
model. Generative adversarial networks (GAN) are successful generative image
modeling networks that use a generator and discriminator framework to produce
results. UNet-GAN uses UNet as a generator and CNN as a discriminator to
achieve segmentation results. However, there is some pre-processing involved
where the region of interests (ROIs) have to be obtained using the lung volume
and the center of the esophagus is chosen as the center of the total lung which may
not be true for apical and basal slices depending upon the start and end points
of the thoracic region. Another similar work [20] uses a 3D UNet to segment

the OARs in the thorax. This is a two stage network in which the input is first

10



passed through a 3D UNet for localization and then based on the predictions, the
regions for each organ are cropped and then passed through another 3D UNet
particular for the organ. Such a network can be costly and time consuming to
train. A similar approach has been used by [21] for OAR segmentation on whole
body CT images. This work attempts to delineate 50 organs in the head, thorax,
and abdomen region and the UNet model performance decreases as labels are
increased. A lot of cropping, pre-processing for localization, and post processing
for merging the results is part of that approach. This work by Tran et al. [6]
improves the esophagus segmentation using an attention module. To make their
network more spatially aware, they deploy an atrous spatial pyramid pooling
module to better capture the features of the esophagus, as it is one of the hardest
organs to segment. In all the thorax CT image segmentation works, the lungs
and the spine have consistently emerged with higher Dice scores whereas the

esophagus has always been the most difficult organ to segment.

2.3.2 Deep Learning using Distance Maps

There have been some works where distance transforms have been taken advan-
tage of for medical image segmentation. These include [22| that uses distance
maps and multi-task learning to improve segmentation of heart chambers in car-
diac cine magnetic resonance images (MRIs) in a UNet inspired 3D multi-task
network. They use distance transforms as auxiliary tasks to refine the semantic
segmentation results, unlike [23], which uses signed distance map prediction as
their main task and achieves improvements for 3D organ segmentation. In an-
other 3D segmentation work, Wang et al. [24] derived their distance transform for
a tubular structure using the pixel distance to the surface of the tubular struc-
ture. They use this distance transform in 3D segmentation networks and have
achieved increased performance for tubular segmentation. However, the trans-

form used embeds shape information of the organ.

This work [25] combines the concept of distance transform maps as well as

adversarial networks for multi-organ segmentation. They perform segmentation
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of the heart, esophagus, trachea, and aorta by generating multi-class distance
maps for a deep regression GAN network in which the input to the discriminator
is the distance maps. The use of anatomical context is even rare; the one shot
PACS [26] introduces this concept by using a recurrent segmentation network but
it requires planned CT images; i.e., CT images of each patient taken weekly. To
the best of our knowledge, a model leveraging distance maps to embed shape,
location, and anatomical context at the same time has not been developed for

thorax CT images.
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Chapter 3

Methodology

In this chapter, the details of the distance transforms and the consequent distance
maps are provided. This proposed network relies on using these distance maps to
obtain results. Therefore, the different kinds of distance maps used are explained
thoroughly, along with the motivations for using each kind. Then, this chapter
discusses the network architecture used for the experiments carried out for this
thesis. The network architecture varies for different organs, and their distance

map, hence the motivations for this choice are also explained.

3.1 Distance Transforms

The distance transforms used in this thesis are the inner-distance and the

distance-to-landmark maps, details of which are discussed below.

3.1.1 Inner-Distance Map

The inner-distance is defined as the distance of every organ pixel to its centroid.

Since anatomical organs are irregularly shaped with inconsistent and variable
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morphology throughout the CT slices, we calculate the centroid for each organ as
part of the distance transform. First, the contours of the binary image containing
the annotation of the organ is generated. This contour map is used to calculate
image moments M, which are then used to find the centroid using; C, = %—(1)8 and
Cy,= %—gé This is similar to calculating the centroid by taking the average of the
contours of the organ. However, for better approximations in the case of irregular
shapes, the method of OpenCV [27]| using moments was preferred. Then, for each
pixel ¢ of the organ, the Euclidean distance to the centroid was calculated, and
the inner-distance map was defined as,

1 g
Tralla—CIZ if qc A
dinner (Q) - Lredle=c]

0 if ¢ € background

where « is the decay ratio chosen as 0.1, A is the set of annotated pixels of the
organ, and C is its centroid pixel. This normalized distance map emphasizes the
shape information of the organ since its highest value is towards the center of the

organ and it describes the relation of each pixel with respect to the center.

It can be seen in Figure 3.1 and Figure 3.2 that the inner-distance maps are
more descriptive for the heart and the lungs in comparison with the esophagus
and the spine. This can be attributed to the differences in the shape and size of
the organs. The inner-distance maps of the heart and the lungs, which are larger
organs in size, encompass shape information by representing the relationship of
each pixel value to the centroid. Even though it is the same for the esophagus and
the spine, the map is not as descriptive for two reasons; firstly, the unsymmetrical
shape, as in the case of the esophagus, does not provide a good centroid for
calculation, secondly, the small size of both organs makes the normalized values of

the distance very close to the annotation values, making this map less informative.

3.1.2 Distance-to-Landmark Organ Map

To address the limitations of the inner-distance map, this thesis proposes the

distance-to-landmark organ map, which embeds more contextual information of
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() (d)

Figure 3.1: Example showing (a) the heart and (c) the lungs from a typical thorax
CT scan slice, followed by their inner-distance transforms in (b) and (d). The
image dimensions are the original dimensions that are 512 x 512.
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() (d)

Figure 3.2: Annotation of (a) the spine and (b) its inner-distance map. (c)
An irregularly shaped esophagus and (d) its inner-distance map. The image
dimensions have been cropped to show the spine and the esophagus more clearly
since they are small organs.
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an organ. Additional spatial, location, and contextual priors can help improve
the performance of machine learning models. The aim of this thesis is to use
anatomical context to increase network performance. After consultation with
domain experts and detailed evaluation of the dataset, certain anatomical facts
were considered as potentials for context priors for the network. This included
the relationship between neighboring organs in the thorax and their existence
throughout the thorax, as well as their visibility in CT images. Therefore, a
distance map incorporating the relationship of the organs is devised, called the
distance-to-landmark map. For the two chosen organs to improve, i.e., the heart
and the esophagus, the landmark organs are the lungs and the spine, respectively.
The calculation of these distance maps also used the Euclidean distance. For each
pixel of the target organ, its distance from the closest pixel of the landmark organ
is calculated. This generates a distance map that holds information about the
pixel-wise relationship of the target and landmark organ. Let £ = {z;} be the
set of pixels belonging to the landmark organ then for each pixel ¢ belonging to

the organ of interest, the distance-to-landmark is calculated as follows:

minxieﬁ‘quxiHQ lf q c A

maxming, e 2 [|q—i||”

dLandmark (Q) =
0 if ¢ € background

where the denominator is the normalization factor. This ensures that very large
distances do not skew the distance transform map so that during training an
accurate relationship of the pixels is learned by the model. An example of these

maps is given in Figure 3.5.

Due to the high contrast of the lungs and the spine in the thorax CT, they were
chosen as landmark organs. The lungs are suitable landmark organs for the heart
since the heart is always located between the two lungs, however, as the lungs
begin to obfuscate in basal slices as shown in Figure 3.4, the existing networks
find it harder to segment the heart. In this scenario, the distance-to-lungs map
of the heart, emphasize the location of the heart (see Figure 3.5) with respect to

the lungs, hence improving the inference ability of the network.

The landmark organ chosen for the esophagus is the spine. The esophagus

17



(b)

(d)
Figure 3.3: (a) Annotation of the heart and the lungs and (b) the corresponding
heart-to-lungs distance map. (c¢) Annotation of the esophagus and the spine along

with (d) its esophagus-to-spine map. The image dimensions have been cropped
to show the spine and the esophagus more clearly since they are small organs.
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Figure 3.4: Annotations of the heart and the lungs in consecutive basal slices of
the thorax CT. In order from (a) to (f), these slices show how the lungs and the
heart change their morphology as they get closer to the thoracic boundaries.

19



(a) (b)

Figure 3.5: (a) An example showing a basal slice of the thorax CT where the left
lung is obfuscated as the abdomen organs are becoming visible. (b) In such a
scenario, the heart-to-the lungs distance transform map holds valuable anatomical
context.

is one of the most difficult to segment organs in CT scans [3]|26][23]. It is ex-
tremely prone to inter- and intra-observer variability due to its poor contrast in
CT images and its variation in shape throughout the slices. The esophagus also
extends beyond the thorax in both directions, i.e., towards the head and neck
from the apex of the thorax, as well as towards the abdomen from the base of the
thorax. This provided another motivation to choose the spine as the esophagus’
landmark organ, since the spine also extends beyond the thorax, thus it does
not obfuscate in the edge slices, unlike the lungs. Careful analysis of the dataset
showed that the esophagus and the spine maintain a consistent distance between
each other even as the morphology shifts slice by slice. The distance between the
two organs is also more than the distance of the esophagus’ pixels to its centroid,
and, the normalized distance map values are more informative than the pixel-wise

annotations.
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3.2 Network Architecture

In this section, we will talk about the two networks that we used for OAR seg-
mentation: single-task regression network and multi-task network. Both networks
have UNet inspired architectures with an encoder path and a decoder path for
feature extraction and then consequent reconstruction of the image to output a
512 x 512 map (see Figure 3.6). The encoder path of the UNet architecture is
responsible for high level feature extraction, and in recent times, residual learning
approaches such as ResNet [2] have gained popularity for maintaining gradient
flow in deep architectures that are designed for feature extraction by having a
residual connection that carries the element-wise sum, as shown in Figure 3.7.
This ensures that even in the deep layers in the network, the gradient does not
reach zero. This thesis combines these two powerful models to obtain a ResNet
backbone UNet, Res-UNet, that performs regression analysis to predict the dis-
tance transform maps. In the Res-UNet, the encoder blocks of the UNet are
replaced with encoder and skip connection blocks, making the architecture more

robust.

The flow of the single task regression is shown in Figure 3.8. This network is
trained using the distance maps. Hence, it is a regression model and so it uses
mean squared error (MSE) as the loss function. The network produces the dis-
tance maps as the output of the linear layer. Due to the encoder-decoder structure
of this network. The output is the same dimension as the input. Since the goal
is to obtain organ segmentation, the single post-processing step for this network
is using a threshold for the distance maps to obtain the pixel-wise segmentation

map.

The second architecture is leveraging multi-task learning to use the distance
maps not only as carriers of contextual and prior information, but also as reg-
ularizers for the segmentation task. This network contains a shared encoder,
again with a ResNet backbone, and two decoders, one being a segmentation task
that has a softmax layer at the end to output the probabilities of the segmen-

tation and uses categorical cross-entropy loss during training, the second being
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Figure 3.6: The original UNet architecture [1].

X
Y
weight layer
F(x) ! relu «
weight layer identity
F(x) +x

Figure 3.7: A residual learning building block [2].
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Figure 3.8: Illustration of the network design for the single-task deep regression
model that uses an encoder and decoder to obtain reconstructed prediction maps,
that can then be used to obtain the organ segmentation after thresholding.
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a regression task that uses the mean squared error loss function during training.
This is shown in Figure 3.9. Apart from conventional hyperparameters, this net-
work has an additional setting of weights of the branches which is chosen after

experimentation.

Categorical Gross Entropy Loss

| >
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| >

Figure 3.9: Illustration of the network design for the multi task framework that
uses a shared encoder and two decoders to obtain the reconstructed segmentation
maps as one output and the prediction maps as the second output.

The architectures use four ResNet encoder blocks and then four decoder blocks
for each of the decoders. The ResNet chosen for the backbone is the ResNet-34
architecture, and its pretrained weights on the ImageNet were used for the net-
work [28]. Experiments that trained from scratch offered no difference compared
to the pretrained backbone therefore, following convention, the pretrained weights
were used. The feature maps extracted and then reconstructed using skip con-

nections are shown in Figure 3.10 and Figure 3.11.
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Chapter 4

Experiments and Results

4.1 Dataset

The dataset used in this study was obtained from the Radiation Oncology De-
partment at Eskigehir Osmangazi University School of Medicine. This dataset
has computed tomography (CT) images from the medical records of 265 patients.
The CT scans were carried out using a Siemens SOMATOM Definition AS. The
CT scans are 512 x 512 pixels in size, with an in-plane resolution varying between
0.76 to 0.98 mm per pixel. The number of slices varies from 80 to 115 with a
z-resolution of 5 mm. The most common resolution is 0.98x0.98x5 mm?. This
dataset (265 patients) was randomly split into a training set of 50 patients, a
validation set of 15 patients and a test set of 200 patients. The ground truth for
OARs was delineated by a team of experienced radiation oncologists. Due to the

nature of these images, no augmentation techniques were used.
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4.2 Network Training

The networks have been implemented using PyTorch [29]. They use Adam opti-
mizer with a step size of 0.0001 for training. The epochs are arbitrary for each
run since early stopping is used to prevent overfitting. The early stopping crite-
rion monitors the validation loss and finishes the training if the validation loss is
unchanged for 30 epochs. For the multi-task network, the weight of each task is
kept equal. The trainings utilized a Tesla T4 GPU.

4.3 FEvaluation Metrics

The results of these segmentations are reported for the 200 patient test set. The
quantitative metrics used to report the results are average precision, average f-
score, average HD95, and mean surface distance. These metrics are calculated
for each of the test set images and then the mean is reported. Metrics such
as precision and f-score are chosen since they are better at reporting the model
performance for datasets with class imbalances. In this case, the background
pixels are higher in number than the organ pixels, and therefore, these metrics
show how successfully the model was able to predict the relevant pixels, i.e.,
the organ pixels. The definition of precision, recall and f-score are given below
where TP, FP, and FN denote the number of true positive, false positive and false

negative pixels respectively.

Precision — TP
recision = TP+ FP
TP
l=—"—
Reca TP+ N

2 - precision - recall

F-score = —
precision + recall

However, these metrics still do not fully grasp the model performance for these
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tasks, especially since apart from segmentation overlap, the location of the es-
timated pixel is also necessary for a fair assessment. Therefore, two metrics in-
spired by the metrics used in the American Association of Physicists in Medicine
(AAPM) segmentation challenge are also reported. First is the HD95, which uti-
lizes the directed Hausdorff distance (HD). HD measures the distance of a pixel in
segmentation A to the closest pixel in segmentation B. We perform this in both
directions, i.e., estimated segmentation to ground truth and vice versa. Then
we use the maximum of HD reported in either direction to make it a symmetric
measurement. Since HD is extremely sensitive to outliers, we report the 95th

percentile of the distances calculated.

JH,% (A, B) + JH,95(B> A)

HD 95 =
g

The second metric is the mean symmetric surface distance that uses directed
mean surface distance in both directions and then takes the average of the ob-

tained distances.

jH,aUg(Aa B) + jH, avg (B, A)
2

where directed mean surface distance is quyavg(A, B) = |—}1| Zae|A| min,e| g d(a, b),

MSD =

calculating the average distance of a point in A to its nearest neighbor in B.

4.4 Comparisons

The proposed model for heart and esophagus segmentation is the multi-task net-
work that uses the annotations and distance-to-landmark organ maps for training.
This proposed model is compared to the standard, segmentation Res-UNet and
regression Res-UNet. The proposed model for the lungs is the single task regres-
sion Res-UNet that is trained using inner-distance maps. It is compared against
standard Res-UNet and the multi-task network. Similar results for the spine have

also been reported.
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The experiments performed for the lungs and the spine are as follows:

e Single-task segmentation: Res-UNet trained using annotations.
e Single-task regression: Res-UNet trained using inner-distance maps.

o Multi-task segmentation: Multitask Res-UNet trained using annotations

and inner-distance maps.

The experiments performed for the heart and the esophagus are as follows:

Single-task segmentation: Res-UNet trained using annotations.

Single-task regression: Res-UNet trained using inner-distance maps.

Single-task regression: Res-UNet trained using distance-to-landmark organ

maps.

Multi-task segmentation: Multitask Res-UNet trained using annotations

and distance-to-landmark organ maps.

Furthermore, the dataset from the 2017 AAPM Thoracic Auto-segmentation
Challenges was used to train and test the proposed models as well as the com-
parison models to illustrate that use of distance maps yields improved results
regardless of the dataset. The dataset has annotations for five OARs; the heart,
esophagus, spine, right lung, and left lung. The details of the dataset can be
found in [3].

4.5 Results and Discussion

The results of the performed experiments are reported in Table 4.1 and Table
4.2 for the five OARs of the thorax. As shown in this quantitative analysis,
the proposed model is superior in f-score and distance metrics compared to the

baseline models for all organs except for the spine.
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(b) (c)

Figure 4.1: (a) An example showing the gold standard of the right lung along with
(b) the segmentation prediction of the single-task segmentation Res-UNet in and
(c) the segmentation map obtained from single task regression using the inner-
distance map. These test results demonstrate that distance maps are particularly
helpful in the slices where the organ is partially present. The first row image is
from our dataset and the second row image is from the AAPM dataset [3].

The inner-distance maps computed for the lungs have successfully increased
the f-score of lungs by 1 percent. Visual results shown in Figure 4.1 demonstrate
that using distance maps is particularly more helpful in segmenting the oddly
shaped lungs where a normal UNet fails. Using a multi-task network has not
been particularly helpful for lung segmentation. Therefore we propose the single-

task regression model to keep the parameters, and hence, the cost to a minimum.

Moving on to soft tissue organs; it can be seen that our model outperforms
the baseline model for both the esophagus and the heart. These results are
statistically significant with a p < 0.05 verified using a student’s t-test on the

f-scores of the test set samples. In the case of the esophagus, the most successful
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model is a multi-task architecture that uses the annotations and the distance-to-
spine maps. The increase in the f-score of the esophagus is particularly meaningful
since it is one of the lowest contrast organs therefore it is harder to achieve higher
segmentation scores. The distance-to-spine map has outperformed the inner-
distance map, thus verifying that greater contextual information is embedded in
the distance-to-landmark organ map, as evident from the predicted segmentations
in Figure 4.2. The spine as a landmark organ to the esophagus makes sense for
many reasons. Firstly, both organs exist beyond the scope of the thorax. It is
not useful to use the lungs as a landmark organ for the esophagus because about
50 percent of the slices containing the esophagus also have the lungs whereas 100
percent of all esophagus containing slices have the spine. The spine consistently
emerges as one of the easiest to segment organs and a visual analysis of the slices
with the esophagus and the spine shows that both are in close proximity to each
other, and therefore, using the distance-to-spine can provide valuable information

about the location of the esophagus.

For the heart, the obvious choice of a landmark organ is to use the two lungs
since anatomically the heart is always between the two lungs. However, as shown
in Figure 4.3, some basal slices of the thoracic cavity may have the heart but not
the lungs or may have a very obfuscated lung. The performance of a simple UNet
is particularly low in these slices as it is prone to predicting large extraneous
regions beyond the true boundary. Slices with the heart but without the lungs
are less than 10 percent and in those cases, the distance-to-lungs map has been
replaced by the inner-distance map during training. The use of this regression
auxiliary task contributes to the regularization of the main segmentation task.
As seen in Figure 4.4, it is apparent that the proposed model learns context since
it performs a better reconstruction of the 3D volume using the predicted axial
slices. The proposed model also eliminates any secondary components that the
baseline model is prone to predict. Although, in theory, they can be removed
after post processing, the aim of the deep learning model is to be fully automatic

end-to-end, and therefore, we try to minimize any uses of pre- or post-processing.

The spine is a small organ and has a higher contrast in CT images due to
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(b) (c)

Figure 4.2: (a) An example showing the gold standard of the esophagus along
with (b) the segmentation prediction of the single-task segmentation Res-UNet
in and (c) the segmentation map obtained from the multi-task network that used
distance-to-spine. Even though the secondary components can be removed by
post processing, it is relevant to notice that the predicted shape of the largest
component in (b) is not as similar to the annotation as in (c¢). The first row image
is from our dataset and the second row image is from the AAPM dataset [3].
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Figure 4.3: (a) An example showing the gold standard of the heart along with (b)
the segmentation prediction of the single-task segmentation Res-UNet in and (c)
the segmentation map obtained from the multi-task network that used distance-
to-lungs. Due to the discrepancy in the shape of the lung the, simple UNet
is inclined to predict an incorrect boundary but such a problem is solved by
the proposed network that leverages the heart-to-lungs relationship. The first
row image is from our dataset and the second row image is from the AAPM
dataset [3].
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(d) () (f)

Figure 4.4: 3D reconstruction of the heart and the esophagus from the axial slices
using ITK-Snap [4]. Here (a) and (d) correspond to the gold standard of the heart
and the esophagus respectively, (b) and (e) are their predictions from the UNet
model, and (c) and (f) are their predicted segmentation maps using the proposed
distance-to-landmark organ maps.
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bone density. Thus, it is already an easy to segment organ as reported in many
previous studies [3] [19]. The inner-distance maps for the spine did not provide
a considerable improvement owing to the size of the organ. Since it is a small
round organ, the normalized inner-distance map is very close quantitatively to
the annotation thus both networks have similar results. This shows that inner-
distance maps are not suitable for small organs. However, for large organs such
as the heart and the lungs, they can prove to be very informative since they
contain shape information. Since the spine spans more regions of the body than
just the thorax, it can be used in the same distance-to-landmark organ transform

for other organs in the head and neck or abdomen region CT scans.
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Table 4.1: Quantitative results obtained by the proposed models and the com-
parison algorithms. These are averages of three runs and the standard deviation
is reported. These are the test set results of our thorax CT dataset.

(a) Heart
Precision Recall F-score HD95 MSD
Single-task (segmentation) 90.23 +0.44 90.35 £0.78 89.31 £0.14 4.08 £.03 3.66 +0.06
Single-task (inner-distance) | 90.27 4+ 0.37 | 90.80 £0.56 89.68 £0.18 | 3.98 £+ 0.04 | 3.79 +0.02
Single-task (distance-to-lungs) | 90.04 +0.49 91.31 £0.72 89.69 £0.53 4.02 £0.04 3.54 £0.05
Multi-task (distance-to-lungs) | 89.94 £0.47 | 91.38 & 0.58 | 89.79 + 0.05 | 4.02 £0.04 | 3.42 £+ 0.05
(b) Esophagus
Precision Recall F-score HD95 MSD
Single-task (segmentation) 79.65+0.82 | 71.87+0.21 | 73.804+0.48 | 2.2434+0.003 | 2.084+0.004
Single-task (inner-distance) | 79.85+0.15 | 70.69+0.65 | 73.02+£0.81 | 2.235+0.002 2.228.002
Single-task (distance-to-spine) | 78.88+0.60 | 72.30 £0.51 | 74.10+0.21 | 2.256+0.011 | 2.272 £0.001
Multi-task (distance-to-spine) | 78.99+0.57 | 72.33+£0.46 | 74.30+£0.46 | 2.231+0.011 | 1.3414+0.002
(c) Right lung
Precision Recall F-score HD95 MSD
Single-task (segmentation) | 95.80 £0.03 93.09 +0.45 93.95 +0.26 2.91 £0.03 2.01£0.01
Single-task (inner-distance) | 95.91 + 0.15 | 94.58 + 0.36 | 94.80 + 0.13 | 2.69 + 0.08 | 1.52+ 0.12
Multi-task (inner-distance) | 94.12+0.05 91.1240.45 91.984+0.15 3.174+0.10 2.99+0.12
(d) Left lung
Precision Recall F-score HD95 MSD
Single-task (segmentation) | 95.81£0.23 | 93.68+0.47 | 94.124+0.33 | 2.67+0.06 | 2.30+0.20
Single-task (inner-distance) | 95.884+0.12 | 94.71+0.22 | 94.87+0.05 | 2.59+0.01 | 1.484+0.15
Multi-task (inner-distance) | 95.214+0.10 | 94.524+0.32 | 94.834+0.10 | 2.60+0.05 | 1.924+0.12
(e) Spine
Precision Recall F-score HD95 MSD
Single-task (segmentation) 95.06.12 91.26+0.35 | 92.84+0.22 | 1.636+0.014 | 0.611+0.110
Single-task (inner-distance) | 95.274+0.10 | 90.86+0.32 | 92.72+0.12 | 1.618+0.023 | 0.561+0.120
Multi-task (inner-distance) | 95.35£0.20 | 90.78+0.34 | 92.73+0.11 | 1.625+£0.022 | 0.58440.120
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Table 4.2: Quantitative results obtained by the proposed models. These metrics
are reported for a single run. These are the results obtained on the 2017 AAPM

Thoracic Auto-segmentation Challenge dataset [3].

(a) Heart
Precision | Recall | F-score | HD95 | MSD
Single-task (segmentation) 93.34 | 87.84 | 89.56 | 4.27 | 3.56
Multi-task (distance-to-lungs) | 92.68 | 89.09 | 90.13 | 4.22 | 3.48
(b) Esophagus
Precision | Recall | F-score | HD95 | MSD
Single-task (segmentation) 72.55 57.14 | 60.82 | 2.343 | 2.372
Multi-task (distance-to-spine) | 74.13 | 59.55 | 63.06 | 2.356 | 2.226
(c) Right lung
Precision | Recall | F-score | HD95 | MSD
Single-task (segmentation) 94.16 95.22 | 94.09 | 3.02 | 2.13
Single-task (inner-distance) | 94.88 | 96.16 | 94.65 | 3.02 | 1.76
(d) Left lung
Precision | Recall | F-score | HD95 | MSD
Single-task (segmentation) 96.73 92.30 | 93.82 | 2.78 | 1.55
Single-task (inner-distance) | 94.58 | 97.08 | 95.51 | 2.71 | 1.16
(e) Spine
Precision | Recall | F-score | HD95 | MSD
Single-task (segmentation) 81.92 91.12 | 88.34 | 1.51 | 0.81
Single-task (inner-distance) | 86.19 | 92.68 | 88.33 | 1.52 | 0.95

37



Chapter 5

Conclusion

This thesis provides a novel combination that embeds location, shape, and
anatomic context to train a successful segmentation model for thoracic CT im-
ages. The quantitative and qualitative analyses show an increase in performance

compared to the baseline models.

The distance-to-landmark maps are carriers of shape and anatomical context
information for organs of interest and the usefulness of this is shown particularly in
the apical and basal slices where the shape of the organs becomes unconventional
and so using the location of the neighboring organs, the shape and location of the
organ of interest is improved. The distance-to-landmark organ map is superior

to the inner-distance map as evident in Figure 5.1 and Figure 5.2.

This thesis proposed the distance-to-landmark transform to make use of
anatomical information as a prior for the machine learning model, to get im-
proved results. The distance-to-landmark organ requires careful consideration of
anatomical facts, and thorough analysis of the dataset, to make the right choice
of the landmark organ for the required target organ. As shown in Figure 5.3,
the choice of lungs as landmarks for the heart has improved the performance of
the simple segmentation network for the unconventional slices where the shape

of the organs deviates from their shape in the rest of the dataset. This disrupts
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() (d)

Figure 5.1: (a) Test set visualizations showing the annotation, (b) the result of
the Res-UNet segmentation, (c) the result of the Res-UNet regression with inner-
distance map and (d) the result of multi-task network that used distance-to-spine
maps.
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(c) (d)

Figure 5.2: (a) Test set visualizations showing the annotation in, (b) the result of
the Res-UNet segmentation, (c) the result of the Res-UNet regression with inner-
distance map and (d) the result of multi-task network that used distance-to-lungs
maps.
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the inference capabilities of the network in such a way that the obfuscation of the
lungs is causing incorrect heart segmentation. The main motivation of using a
distance-to-lungs map is to give a prior to the network so that it can counteract

the effect of the changing organ shapes throughout the CT scan slices.

Subsequently, the inner-distance map contains only the shape information of
the larger organs, but is equally useful since it is more universal and can be
generated for any organ without constraints unlike distance-to-landmark maps,
which require more than one annotated organ and a relevant relationship between
them.

The inner-distance map is not suitable for the esophagus for similar reasons as
discussed above for the spine. However, inner-distance maps are effective for the
heart segmentation in the case when the boundaries of the thorax are defined in
such a way that all the CT slices used contain the heart and the lungs. In the
dataset used in this thesis, the thorax is not limited to any slice of the body. In
fact, these segmentations are carried out for the organ even if it spans outside the
region of the thorax. This is where the distance-to-lungs map performs better as
it is carrying information about the lungs’ position from the previous slices and
guiding the segmentation even when there is no lung. This paves way for many

potential applications of this contextual information for future networks.

5.1 Future Work

In this thesis, for each OAR, a separate network was trained. Therefore, an
apparent improvement for this thesis is to define this as a multi-class problem
and perform multiple organ segmentation simultaneously. This can be done by
generating distance maps for each organ and combining them together to be used
in the network. The multi-class distance map can be used in the same manner as
in this thesis, where it acts as shape, location, and anatomical context prior or, it
can be used as part of the loss function. Since the organs occupy their own space

in the image, the distance map can contribute as weights for the loss function
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(b)

Figure 5.3: Two examples showing annotated heart (blue) and the predicted seg-
mentation of heart obtained (red) to show how the distance-to-lungs transform
enhances the segmentation in the slices on the boundary of the thorax. The vari-
ation in shapes of the left lung (yellow) and the right lung (green) is also shown.
(a) Segmentation map from the UNet predictions and (b) the segmentation maps
predicted from the proposed model that uses the heart-to-lungs distance map.
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(c)

Figure 5.4: An example showing (a) the gold standard of the heart along with
(b) the segmentation prediction of the single task segmentation Res-UNet and (c)
the segmentation map obtained from the multi-task network that used distance-
to-lungs. This image is from the AAPM dataset [3].

during training.

This work can also be extended into a cascaded network, in which the predicted
segmentation maps of landmark organs can be used to calculate the distance maps
that are consequently used in the second part of the cascaded network designed

to segment the more difficult organs.

In Figure 5.4, it is shown that the distance map does indeed improve the seg-
mentation, however, the motivation of OAR segmentation is to achieve extremely
precise segmentation for accurate dosage planning during radiation therapy. With
such a risk involved, the segmentation of the heart in Figure 5.4 and Figure 5.5,
and the segmentation of the left lung in Figure 5.6 is still in need of improvement.
This can be achieved by embedding more anatomical context by considering the
relationship of each organ to its shape and location in the preceding and succeed-
ing slices. This can be achieved by extending this thesis to the 3D space. The
distance maps will have to be calculated with the respect to the voxel space oc-
cupied by the organ, and the surfaces of the 3D organs. A 3D UNet architecture
can be altered to perform regression analysis for the obtained 3D distance maps

to achieve more accurate segmentations.

This thesis proposed the use of distance transforms to generate meaningful
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Figure 5.5: (a) Ground truth annotations and (b) the predicted segmentations
by the proposed models for each of the thoracic organs. While mostly the delin-
eations are accurate, the heart is not exactly the same as the annotation.

Figure 5.6: (a) Ground truth annotations and (b) the predicted segmentations
by the proposed models for each of the thoracic organs. While mostly the delin-
eations are accurate, the right lung is not exactly the same as the annotation.
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auxiliary maps. These distance maps have the potential to increase a deep learn-
ing network’s inference capabilities by embedding prior knowledge that can guide
the training of a network. This thesis explored this hypothesis in the scope of
organs-at-risk segmentation in thorax CT scans. We successfully showed that
distance transforms are useful tools to quantify contextual information, which
makes them meaningful to be used by a machine learning model during train-
ing. The inner-distance map showed that shape information can be embedded
in the distance map, which when used in a deep learning segmentation network,
produces better segmentation results than using just the annotations. More im-
portantly, this thesis proposed the distance-to-landmark organ map, which not
only embeds shape information, but contains anatomical context by quantifying
the relationship between organs. This map proved to be successful specifically
for cases in which the ordinary segmentation algorithms failed. The experiments
were performed on our dataset and then verified on an open source dataset as well.
Therefore, the use of these distance maps has the potential to further enhance all

kinds of segmentations.
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