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Abstract

The manual segmentation of medical images is a time-intensive process. The detection and

segmentation of illnesses like pneumothorax might be accomplished using Convolutional

Neural Networks. This study examines the use of neural networks for medical image

segmentation. Speci�cally, it investigates the use of a model based on the uXception

architecture and a loss function based on binary cross-entropy and log-dice loss. After

training on a data set from Kaggle, it achieved a total Dice coe�cient of 37.85% and a

mean Dice coe�cient of 30.03%. Learning rate reduction, data augmentation and image

downsampling are discussed as potential reasons for the comparably low accuracy. It is

concluded that the model is not reliable enough for use in medical triaging, but that the

concept of neural networks for medical image segmentation is possible.
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1 Introduction

Diseases often show visible symptoms that can be determined by medical professionals.

Many of these symptoms become clearly discernible through medical imaging techniques

like Magnetic Resonance Imaging (MRI) or Computed Tomography (CT). In some cases,

the a�iction may be di�cult to spot even for an expert [1], e.g. pneumothorax. In such

instances the detection of the disease often takes longer and is more costly. Thus, au-

tomated methods for recognising and triaging pneumothoraces would be useful in many

clinical scenarios. Such techniques would enable large scale screenings not possible today

because of the time-intensity of screening manually. One popular way to implement such

an automated method is by using neural networks created for image recognition.

1.1 Medical Background

An abnormal accumulation of air in the so-called pleural space between the chest wall

and the lung is called a pneumothorax. It is sometimes informally referred to as a lung

collapse, but this term might also be used to describe other lung diseases.

Pneumothoraces may arise spontaneously or traumatically (meaning from chest trauma)

[2]. When occurring spontaneously, the pneumothoraces are referred to either as primary

or secondary, the latter meaning that there is a connection to a previously existing lung

disease. Pneumothoraces of smaller size will normally resolve without treatment, but

pneumothoraces occupying more space may require surgery. In any case, monitoring the

build-up, either in order to remove it or to ensure that it dissipates, is of importance.

Screening for a pneumothorax is usually done by simple radiography, i.e. using techniques

like X-ray imaging which creates a two-dimensional image of the patient's internals. Pro-

ducing a three-dimensional image CT scan is only recommended when di�erentiating

between a pneumothorax and similar conditions like bullous lung disease, or when the

radiograph for some reason (e.g. an obstructive emphysema) does not show enough detail

[1]. This study will focus only on radiography images.
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1.2 Image Segmentation

Image segmentation denotes the partitioning of an image into two or more parts, each of

which contains one or more coherent entities. This could include tasks such as outlining

people or animals in an image or allowing self-driving cars to recognise other vehicles,

and also deciding which pixels of a medical image contain an illness, for example pneu-

mothorax.

In image segmentation, there are two main categories of methods: Semantic segmenta-

tion and instance segmentation. They share some features and di�er in other regards. Se-

mantic segmentation is usually seen as easier than instance segmentation, mainly because

instance segmentation traditionally uses multiple instances of semantic segmentation to

construct a solution.

Semantic segmentation refers to the labelling of pixels into di�erent data classes,

whereas an instance segmentation algorithm would separate di�erent entities in a pic-

ture, however usually only by �rst applying some object detection algorithm to the image

in order to �nd the bounding boxes of the unique entities in the image. After that, it

would typically apply a smaller version of a semantic segmentation algorithm to each

of the speci�ed bounding boxes. This is possible given that the bounding box algorithm

provides each of the unique objects with a separate bounding box. The semantic segmen-

tation algorithms vary, but some of the most common and state of the art algorithms are

described more closely in Section 1.4.

1.2.1 Medical Image Segmentation

Despite being almost exclusively of a technical nature, medical scanning technologies such

as MRI scans, X-ray CT scans, radiography and ultrasound imaging often require a human

medical professional to classify the data, and the �eld of machine learning for medical

image classi�cation is still new. For most diseases, there are symptoms visible on a scan

that can be segmented, either by instance or semantically. Many of the newer algorithms

like U-net [3] and U-net++ [4] were developed speci�cally for medical image segmentation.
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There is, however, still a need for new medical image segmentation algorithms, despite

the large number already available.

In one implementation of computerized medical image classi�cation, Rahman et al. [5]

use support vector machines (SVMs) to classify the diverse ImageCLEFmed [6] database

consisting of 11 000 radiographs grouped into 116 categories. SVMs use a learning algo-

rithm to �nd a hyperplane separating the di�erent sets of data points into two distinct

categories. Therefore, SVMs are traditionally used in binary classi�cation problems where

one of only two categories may apply, unlike the multi-category problems often encoun-

tered in medical imaging problems. A straightforward approach to applying SVMs on

multi-category tasks like medical imaging is to calculate the separating planes between

all possible combinations of data categories. If there are n di�erent categories, this results

in n(n−1)
2

unique separating hyperplanes, from which distinct categories can be formed.

This usually results in satisfactory results for very distinct categories, but it is relatively

computationally expensive. Despite this, the implementation is a �rst step toward more

advanced methods for medical image segmentation.

1.3 Neural Networks

Data sets can often be classi�ed according to their contents. Humans are in general quite

good at this type of attribute assignment and classi�cation. Throughout this section, the

classi�cation of hand-written digits will be taken as an example. Most people will easily

recognize that Figures 1a, 1b and 1c show the same digit. They will also agree that Figure

1d shows a di�erent digit.

(a) (b) (c) (d)

Figure 1: Hand-drawn 28× 28-pixel digits from the MNIST database [7].
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Describing which pictures correspond to which digit with a general rule (say, in terms of

pixel activation patterns), however, is a more daunting task. This task can be tackled by

using a neural network and is a problem commonly used to introduce machine learning.

Figure 2: A basic neural network with two outputs. It is said to be fully connected,
because all outputs of one layer become inputs to the next layer

A neural network is a structure that is on some level meant to have loose analogies to

the structure of a biological brain. Concretely, it is made up of an input layer of neurons

that feed some input into middle layers, often called the hidden layers. The hidden layers

receiving an input also feed it into the successive layer. The �nal outputs of these hidden

layers are in turn fed into the �nal layer L. The �nal layer L gives a number of outputs

as illustrated in Figure 2.

Each neuron of one layer takes one or multiple inputs from the layer before, applies a

transformation to them and passes them on as an output to the neurons in the next layer.

In Figure 2, this is represented by arrows from one neuron to another. The transformation

is described by f(wa + b), where the scalar weight w and the scalar bias b are applied

to the scalar activation a from a neuron to one in the next layer. In this transformation,

one can also see an important step: The application of a so-called activation function

f(x), which is generally non-linear. In this instance, x is a scalar input. One commonly

used activation function is the sigmoid (also known as the logistic function), de�ned as

σ(x) = 1
1+e−x . Other common activation functions include the hyperbolic tangent tanh(x),

or some variation of the recti�ed linear unit function (ReLU), which is de�ned as

ReLU(x) = max(0, x).
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Many activation functions share the convenient property of being easy to di�erentiate (at

least approximately). For example, the derivative of a sigmoid in a point can be expressed

as

σ′(x) = σ(x)(1− σ(x)).

In order to prevent the notation from becoming too complicated, the inputs, outputs,

weights and biases between two consecutive layers l − 1 and l are written in terms of

matrices and vectors. We describe the weights using the matrix W[l], where each row

contains the scalar weights for connections between the neurons in the previous layer to

one neuron in the current layer. Thus, W[l] contains as many columns as l−1 has neurons;

and as many rows as l has neurons. The biases and outputs from the activation function

are described by vectors b[l] and a[l] respectively. Here, the i:th elements describe the bias

to and activation from the i:th neuron in layer l.

Figure 3: A network with four layers, i.e. L = 4. The weight corresponding to the high-
lighted edge is an element of the weight matrix W[3].

Because the connections between two layers are described as vectors, we de�ne f(v),

in which v is a vector, to signify the componentwise application of f(x). It should be

noted that the activation function can be di�erent for di�erent layers, despite sharing the

notation. The equation a[l] = f(W [l]a[l−1] + b[l]) ∈ Rnl shows the rigorous way of writing

the activation vector a for layer l in terms of the weights, biases and activations from layer

l− 1. We de�ne a[0] to be the input vector into the �rst layer and let nl be the number of

neurons in layer l. We notice that in the expression, a[l−1] (in this case the activation vector
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of the previous layer) can similarly be expressed as a function of a[l−2], the activation of

layer l − 2. This gives the equation a[l] = f(W [l](f(W [l−1]a[l−2] + b[l−1])) + b[l]) ∈ Rnl .

Through repetition of this insight, we �nd that the entire network may be represented as

a function F of the weights and biases of the di�erent layers as well as of a[0], as seen in

f(W [L]f(W [L−1]f(· · · ) + b[L−1]) + b[l]) = F (a[0],W [1], · · · ,W [L], b[1], · · · , b[L])

where W [1], · · · ,W [L] are the weight matrices and b[1], · · · , b[L] are the bias vectors. This

insight is critical for understanding how the network actually �learns�, something that

will be explained in the next section.

1.3.1 Optimising and Gradient Descent

Learning is done by continuously adjusting the weights and biases. To do this, we �rst

de�ne a function that quanti�es to what extent the given answer a[L], the activation

of the outputs from layer L, di�ered from the ground truth, i.e. the correct answer for

that input. This function, known as the loss function, should return a lower value if the

network's given answer is closer to the actual answer and a higher value if the given

answer is further away. The used loss function varies, but a common one is the quadratic

loss function. It is de�ned as

L =
1

N

N∑
i=1

∥∥∥y(x{i})− a[L]i

∥∥∥2
2

for N training data points x{i}, each associated with a ground truth outcome y(x{i}),

i.e. the outcome we want the system to output for that input. When the given outputs

of the network exactly correspond to the expected outputs, the loss function will be 0.

As wanted, an adjustment of the weights and biases a�ecting a[L] such that the network

becomes more accurate in its predictions (compared to y(x{N})) also makes the output

of this loss function smaller. One might similarly imagine that a minimization of this

loss function through adjustments to weights and biases gives the network an increase in
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prediction performance, which makes it more likely to give accurate predictions.

For a network, the loss function can be written as taking a vector p ∈ Rk as input,

with each of the vector's components represent the weights and biases of the network and

k is the total number of weights and biases. Changing the elements of this vector changes

the output of the loss function. In order to minimize this loss function, we need to know

how it changes with respect to a change in only one of the components, i.e. with respect

to a change in only one weight or bias. This leads us toward the �eld of multivariable

calculus, speci�cally to partial derivatives and gradients.

The concept of gradients in multivariable calculus is similar to the concept of deriva-

tives in single-variable calculus. The gradient ∇L(p) is the vector of all partial derivatives

of a multivariable function. Similarly to how one might use the derivative to �nd one of

the minima of a single-variable function, one can use the gradient to �nd the change to

the elements of p that gives the greatest change to the value of L(p). Higham et al. [8]

and Goodfellow et al. [9] derive and explain the formulae used for the computationally

e�cient calculations of this gradient. The vector p is then updated iteratively according

to pi+1 = pi − µ∇L(p), where µ is the learning rate. The learning rate is simply a scalar

that scales the computed gradient to allow for larger or smaller steps for each iteration.

It should be mentioned that µ can be variable, for example by using optimizer algorithms

like Adam [10]. After each step, the new gradient is calculated and another step is taken

along its direction. Thus, for each step, the value of the loss function decreases towards

the closest local minimum.

Figure 4: Example landscape in three dimensions. A red spot marks the local minimum.
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A simple way to envision this gradient descent is to think about an optimization

problem using a function of two variables. We can visualise both the two variables and a

function of them in three dimensions. Consider the example landscape in Figure 4. For

a given point in Figure 4 (say, starting at one of the peaks), we can see that a change

along one direction gives a larger change in function value than a equally sized change

along another direction. Thus, in this point, the gradient of the function describing this

landscape is pointing in the direction for which, given an equally sized change, the function

value would change more. In our visualisation, this is equivalent to a steeper slope.

Figure 5: Ball rolling down the steepest slope.

Similar to the red ball in Figure 5 rolling down the steepest slope in a landscape towards

the valley, gradient descent is the successive minimization of the loss function by changing

the vector p (adjusting the weights and biases of the network) in the direction which

results in the largest decrease of the loss function. In theory, because the loss function is

an average over all training examples, the gradient should decrease the loss function for

all training examples. In practice, however, the gradient is usually approximated. This

results in better performance (or e�ciency) [11], as calculating the entire gradient for

each iteration is computationally intensive.

There are di�erent methods for e�ciently approximating the gradient. Many use tech-

niques such as choosing the batch size stochastically or including a weighted version of

earlier gradients to enable optimisation as good as or better than if the true gradient

had been calculated. Often, multiple of these techniques are joined in an algorithm called

an optimizer. The methods usually speci�ed by such optimizers are calculated once per
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batch. To explain batches, one �rst needs to explain epochs. When talking about epochs

in the context of training a neural network, one means training once on each training

example. One usually divides the epoch into a number of batches which are computed

iteratively. The batch size denotes the number of images in a batch.

1.3.2 Convolutional Neural Networks

In image recognition, performance can be increased by preserving spatial information

and not just contextual information. This is because a large part of the information in an

image is spatial. This is not explicitly done in a traditional fully connected neural network

described in the introductory section on neural networks, where the input image has to

be �attened into an input vector to be processed by the network. Here, 1-dimensional

neurons are exchanged for 3-dimensional neurons with height, width and depth [12]. These

so-called convolutional layers play a vital role in the operation of a network for image

input. Each layer contains �lters that scan across the input. During this process, the �lter

outputs the componentwise multiplication of its values and the input area.

Figure 6: Application of 3× 3 �lter to one region of an image. [13]

For instance, we show the input, convolution and output of an image where the 3× 3× 1

�lter is particularly designed for edge detection in the vertical direction in Figure 6. The

output is 7, which is the result of the componentwise multiplication of the �lter's values

with the corresponding pixel values. This �lter gives a somewhat scaled di�erence in

pixel values between the two sides of the �lter. This di�erence is naturally greater if the

pixel values di�er more due to the existence of an edge. It is worth mentioning that in a
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Convolutional Neural Network (CNN), these �lters are not speci�cally designed, but are

instead created by training the model. Each �lter extracts speci�c features of the input.

Thus, using more �lters, it is possible to detect more features.

Some of the layers in a CNN are so-called pooling layers, that downsample the image

in order to reduce the computational complexity of the layers. These pooling layers use

di�erent methods for pooling, but the most common ones are the average pool, outputting

the average of the input values, and the max pooling layer, outputting the maximum of

the input values. A max pooling layer is visualized in Figure 7.

Figure 7: A max pooling layer of size 2 × 2, outputting the max for each input it scans
and downsampling the image.

All in all, a complete CNN has a structure similar to the one pictured in Figure 8.

Figure 8: Example of a basic CNN. The �rst �lter is a convolution, increasing the number
of features extracted. Next, a pooling layer downsamples the image to 25% of the original
size. Afterwards, a convolution is applied again, as well as an additional pooling layer.
Then, the image is �attened in order to allow two fully connected layers to classify the
image.

There are three main reasons for using CNNs rather than traditional fully connected

neural networks for image recognition. As mentioned, information is gained by having

pixels that are spatially close to each other as inputs into the same �lter. In addition,

traditional networks can become relatively computationally expensive with increasing

pixel numbers, especially if the images are in colour (i.e. have three dimensions). Also,

traditional networks are more prone to so-called over�tting, especially when they grow

larger and contain more tunable parameters in order to be able to process large images
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[14]. Over�tting refers to a network with too many tunable variables that becomes too

�nely adjusted to the training data, at the expense of bad performance on images it was

not trained on. Thus, it loses its general applicability to similar data.

1.4 Previous Research and Di�erent Architectures

In 2017, He et al. [15] presented Mask R-CNN, an architecture for instance segmentation

as an extension of the Faster R-CNN model by Ren et al. [16]. Mask R-CNN, like Faster

R-CNN, divides the image that is to be segmented into many di�erent Regions of Interest

(RoI), each containing one potential bounding box. On each of these RoIs, classi�cation is

performed, features are extracted and the bounding box is �tted. In parallel to the other

stages, however, Mask R-CNN also extracts information about where in the image pixels

are located using a binary mask with values of True or False for each RoI. This spatial

information is later merged with the �tted bounding boxes for more accurate, pixelwise

segmentation. The framework is shown to achieve results comparable to other state-of-

the-art models like ResNet on the COCO data set [17], containing images of common

objects and animals.

Krizhevsky et al. [18] used a Deep Convolutional Neural Network (DCNN) consisting

of a few convolutional layers and a few fully connected layers to classify the images

of the ImageNet-LSVRC 2010 competition into 1000 di�erent categories with higher

top-1 percent and top-5 percent error rates (37.5% and 17%) than previous state-of-

the-art methods. The top-n percent error metric is often used for data sets with many

di�erent categories and denotes the probability of the ground truth label not being one

of the networks n top predicted labels. Being a very deep network with over 60 million

tunable parameters, they avoided the high risk of over�tting mainly through the use of

data augmentation [19], i.e. changing images without destroying distinguishing features,

and through stochastic dropout [20] with a relatively high probability of 0.5. Stochastic

dropout refers to randomly setting the activation function of neurons to zero, thereby

temporarily disabling them. Techniques like the DCNN provide good evidence for general
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medical classi�cation algorithms, considering their pro�ciency in performing classi�cation

among a number of categories.

He et al. [21] also mention the di�culty in training networks that are too deep. They

state that many of the leading classi�cation algorithms use deep models, even though

empirical evidence often shows that they are notoriously di�cult to train. To counter

issues with deeper networks, they introduce the concept of residual blocks containing

paths that act as identity maps while skipping layers, in order to be remapped to the

throughput later on. The authors show on ImageNet [22] and CIFAR-10 [23] among others

that residual networks perform better than comparable networks with added depth.

To lessen the issue of features �washing out�, i.e. losing their usefulness through suc-

cessive layers of abstraction in deep CNNs, Huang et al. [24] proposed the DenseNet

architecture that connects a layer to all successive layers with a matching feature map

size by a short feed-forward path. Through this path, information from previous layers

is concatenated with information changed by the convolutional layer. One such block is

called a dense block. This strategy is used to counteract overemphasized abstraction by

successive convolutions. To preserve the feed-forward nature of the network, dense blocks

of di�erent sizes are connected by pooling and transition layers converting between the

sizes. The DenseNet structure achieved similar results on the ImageNet [22] classi�cation

task as ResNet, despite using only about a third of the number of parameters. This im-

plies the possibility of e�cient algorithms for medical classi�cation that are also hardware

e�cient.

Antoniou et al. [25] state that deep convolutional networks, while they excel at image

classi�cation, are less capable at relational reasoning tasks, i.e. tasks concerning the po-

sition of objects in relation to one another. They present dilated convolutions, a type of

convolutional �lter where there is a space between any two neighbouring input pixels of

the �lter.

For example, dilation 2 seen in Figure 9 is applied only to pixels in odd-numbered rows

and columns on a scanned �eld of 5 × 5 pixels. The authors apply their network on the
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Figure 9: Dilation 2 with a space of 1 pixel between received pixels. Picture from [25]

Sort-of-CLEVR [26] data set and gain results similar to, but less computationally expen-

sive than, the previous state of the art. Because these dilation �lters can replace deeper

structures requiring more calculations, this again acts as an example of how a hardware

e�cient algorithm for medical imaging might be implemented.

To accommodate the fact that few large image data sets are available in medical

imaging scenarios, Ronneberger et al. [3] introduced the U-net architecture speci�cally

meant to capture sparse information often more abstract than what is visible for humans.

The structure consists of a traditional contracting path of simple convolutional and pool-

ing layers, reducing the input size in each layer. This is supplemented by a subsequent

multi-channelled �upsampling� path. This upsampling path, in order to preserve spatial

information while increasing the resolution, is combined with high resolution features

directly from the corresponding contracting layers. This is similar to a traditional auto-

encoder network using an encoder to downsample the image, a latent space containing

the abstract features of the encoded image and a decoder that reconstructs data from

the original image. The main di�erence between U-net and a traditional auto-encoder is

the existence of direct connections between the two paths, visualized with grey arrows in

Figure 10. To ensure high performance even when large sets of data are not available, the

authors use data augmentation [19] in the form of elastic deformations, rotations, shifts

and sizing to allow the network to learn a robustly with respect to these features. Their

tests, which include an experiment on interference contrast microscopy images of HeLa

cells, show that the network beats the previous state of the art with an Intersection Over

Union (IOU) metric of 77.5% compared to 46%. The IOU is de�ned as |X|∩|Y ||X|∪|Y | , |X| being

the set of predicted pixels and |Y | being the set of ground truth pixels.
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Figure 10: Example schematic of the U-net architecture [3]. A blue box corresponds to
a feature map with multiple channels, with number of channels denoted on top and size
denoted to the left of the box. A white box corresponds to a copy of a previous feature
map, operations are denoted in the legend.

In 2017, Chollet [27] proposed the Xception architecture. It makes use of depthwise

separable convolutions to extract abstract features with higher computational e�ciency.

A depthwise separable convolution splits one traditional three-dimensional convolution

into a few smaller two-dimensional convolutions and one pointwise 1 × 1-convolution,

contracting the outputs into an image corresponding to the output of the traditional

convolution. This process is generally more computationally e�cient than the regular

convolution with the same output, since less calculations have to be made. Xception also

contains residual connections, previously mentioned in conjunction with residual blocks,

which feed outputs directly to a later layer without applying the bypassed �lter. These

residual connections are visible in Figure 11 as paths bypassing the larger convolutional

blocks. Xception outperforms similar networks on the ImageNet [22] database, despite

having the same number of tunable parameters, which suggests a more e�cient use of

parameters.

The uXCeption model, which was proposed by Curiale et al. [28], draws inspiration

from both U-net and the Xception model. One of the things uXception makes use of is the

Xception architecture as the �backbone� (that is, contracting path) of the traditional U-

14



Figure 11: Schematic of the Xception architecture. Residual paths are shown as arrows
bypassing convolutional layers.

net, while preserving the connections between the contracting and the expanding paths.

The authors show a Dice coe�cient of around 0.9 for segmenting MRI images of the

myocardium. The Dice coe�cient DSC is de�ned as

DSC =
2 · |X ∩ Y |
|X|+ |Y |

. (1)

1.5 Aim of Study

The aim of this study is to create a neural network that is able to semantically segment

a set of chest radiographic images. Speci�cally, it will classify pixels containing and not

containing pneumothorax. This information could then be used to determine the severity

and location of the pneumothorax, especially in cases where other methods of detection

fail.

2 Method

An implementation of the uXception model [28] was trained on chest X-ray images con-

taining pneumothorax and the corresponding ground truth masks of the images. Subse-

quently, the Dice coe�cient was used to evaluate the performance of the model on a set

of validation data.
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2.1 Data and Evaluation

The data analysed in the study were provided by Kaggle [29] in cooperation with the So-

ciety for Imaging Informatics in Medicine (SIIM) and the American College of Radiology

(ACR). The data were provided in two separate sets, one training set and one test set.

The training data set contained 10675 separate images and made up a signi�cantly larger

part of the total number of images than the test data set of 1377 separate images. For the

training data, labels were provided in the form of pixelwise masks with a value of 1 or 0

for each pixel, depending on whether or not the corresponding pixel in the training im-

age contained pneumothorax. However, the original set was highly unbalanced and only

2379 of the annotated images were labelled as containing instances of pneumothorax; the

rest contained no pneumothorax. To facilitate the learning of pneumothorax features,

the model was trained only on the subset of the total X-ray image data set containing

pneumothorax. This may lessen the general applicability of the model but makes training

signi�cantly easier.

After acquisition, the training images and masks were downsampled from the original

size of 1024 × 1024 pixels to 128 × 128 pixels to make the training less computationally

intensive. The model was trained on 1802 images. It was subsequently validated on 200

images. Lastly, after training, it was evaluated on the remaining 377 images.

The mask images were provided in a run-length encoded (RLE) format, each mask

corresponding to one X-ray image. RLE has many bene�ts, among them the fact that it

is lossless, i.e. saves the value of each pixel, while still noticeably compressing the data

volume [30]. However, it adds an extra step to the process of data decoding.

The model was evaluated on the downsampled data using the previously de�ned Dice

coe�cient DSC traditionally de�ned as DSC = 2·|X∩Y |
|X|+|Y | , X being the predicted set of

pixels containing pneumothorax and Y being the set of ground truth pixels. In this

evaluation, DSC is de�ned to be 1 when X = Y = ∅.

If one randomly selects pixels belonging to X with a probability of a and pixels be-

longing to Y with a probability of b, the expected Dice value is given by 2ab
a+b

. Assuming
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a = b, i.e. that the network segments the correct number of pixels as containing pneu-

mothorax, this Dice value can be simpli�ed to a, which is equal to the probability of a

pixel containing pneumothorax. Thus, the expected Dice value for a model segmenting

pixels randomly, will be as high as the proportion of pneumothorax pixels out of total

pixels. This proportion has been found empirically to be small.

The evaluation metric used in this study, however, was a version of the Dice coe�cient

modi�ed speci�cally to accommodate for non-binary pixel values. The Dice coe�cient was

calculated according to
2
∑

i yiŷi + Smooth∑
i yi +

∑
i ŷi + Smooth

. (2)

The term Smooth was added so that the Dice coe�cient has a value of Smooth

Smooth
= 1 when

both the predicted set and the ground truth set are exactly 0. The magnitude of Smooth

can be scaled according to how much weight one wants to give to sets that either contain

or predict very little pneumothorax. For our model and image size, Smooth was set to be

equal to 0.1.

There are two ways of interpreting the Dice coe�cient for a set of predictions: using

the mean and using the total number of pixels. The total Dice coe�cient is calculated by

treating the entire validation set like one image. Thus, the coe�cient is calculated from the

total number of predicted pixels and the total number of ground truth pixels. Conversely,

the mean Dice coe�cient is the mean of the Dice coe�cients calculated individually for

each picture.

2.2 Model

The model is an implementation of the uXception model previously described in Section

1.4. Our model makes use of so-called transfer learning and is initialised using weights

from previous training on ImageNet [22]. Transfer learning means reusing weights from

successful training on other data sets as initial weights in a new application of the same

network. The model was built in the Keras [31] framework for machine learning.
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2.3 Training

The network was trained on a NVIDIA GTX 1070 GPU using the previously mentioned

set of 2002 images for training and the remaining 377 for validation using the Dice

coe�cient.

The loss function utilized was a combination of binary cross-entropy loss and log-dice

loss. For ground truth pixel values yi belonging to the ground truth mask y and predicted

pixel values ŷi belonging to the predicted mask ŷ, binary cross-entropy loss LBCE(y, ŷ)

is de�ned as LBCE(y, ŷ) = − 1
N

∑
i yi log(ŷi) + (1− yi) log(1− ŷi), N being the number of

pixels in the mask and i ranging through all the pixel values in the mask. The log-dice

loss function, on the other hand, is de�ned as

LDice(y, ŷ) = − log

(
2
∑

i yiŷi + Smooth∑
i yi +

∑
i ŷi + Smooth

)
. (3)

The total loss function used is simply the sum of LBCE and LDice. The main reason for

using LBCE as a part of the loss function was to provide an incentive for the network

to be certain about given outputs. For a general overlap of predicted and ground truth

areas, LBCE penalizes predictions close to 0.5 more than predictions closer to 0 or to 1.

The log-dice is a loss function based on the Dice coe�cient, which gives a maximum of 1

for completely overlapping areas. Thus, the log-dice loss function incentivizes an overlap

of predicted pixels and ground truth pixels.

The optimizer used during training was Adam, with an initial learning rate of 10−4

[10] Adam is straightforward to implement and uses separate learning rates for di�erent

parameters to increase performance. The batch size used was 16. Training was allowed to

go on until stopped by an early stopping mechanism triggered if the mean Dice coe�cient

(the evaluated metric) had not increased for 50 consecutive epochs. The learning rate was

also reduced by a factor of 5 whenever the loss function had not decreased for 4 consecutive

epochs. In experimental training, di�erent levels of data augmentation were used. In �nal

training, however, no augmentation was used.
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3 Results

After training and validating on 2002 labelled images containing pneumothorax, the net-

work was evaluated on 377 labelled test images not used during training. The evaluation

metrics used were the mean and total Dice coe�cients, displayed in Table 1.

Table 1: The total and mean Dice coe�cients

Metric Value

Total Dice coe�cient 37.85%
Mean Dice coe�cient 30.03%

This model was found to achieve a total Dice coe�cient

(a) A reliable prediction

with a Dice coe�cient

of 88.14%.

(b) A representative prediction

with a Dice coe�cient

of 36.46%.

(c) An incorrect prediction

with a Dice coe�cient

of 0.03%.

Figure 12: Visualization of three predictions

In Figure 12, the ground truth mask is marked in red, the predicted mask is marked in

green and areas where both masks overlap are shown in yellow. In some cases, like in

Figure 12a, there is substantial overlap between the ground truth and predicted masks,

which leads to a high Dice coe�cient. In other cases, like in Figure 12b, the network

has found the general location of the pneumothorax, but fails at segmenting it. Finally,

there are also cases like in Figure 12c, where the network fails at predicting where the

pneumothorax is located.
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Figure 13: A histogram of the predictions given on the validation set by the model.

Figure 13 shows the distribution of the network's predictions on the validation set. Around

50% of the cases are predictions with Dice coe�cients close to zero. For the rest of the

predictions, the histogram is more evenly distributed between di�erent Dice coe�cients.

4 Discussion

(a) A learning rate that is too

low, resulting in ine�cient con-

vergence.

(b) An optimal learning rate,

�nding the local minimum in

one step.

(c) A learning rate that is too

high, diverging from the mini-

mum.

Figure 14: Some learning rates visualised in a two-dimensional landscape.

Choosing the right learning rate µ for the task at hand is a delicate balance. If the learning

rate is too low, the loss function will decrease toward the nearest local minimum like in
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Figure 14a. This will, however, take more iterations than might be necessary if one had

chosen the ideal learning rate like in Figure 14b. There will also not be a possibility

to �overshoot� the local minimum, to instead decrease toward another local or global

minimum with a lower loss value. On the other hand, if the learning rate is too high,

the loss function may fail to reach a local minimum, instead oscillating around it. This

may be why the loss function failed to decrease noticeably below a certain point in our

test. If the learning rate is more than twice as high as the optimal learning rate, the

loss function may even diverge like in Figure 14c. These situations are visualized in a

simpli�ed, two-dimensional landscape in Figure 14.

Learning rate reduction partly counteracts the e�ects of a learning rate that is too

high, while keeping the bene�ts. It allows the learning rate to start out high and �nd an

adequate local minimum. If the loss function does not decrease for a number of epochs,

perhaps because it is oscillating around a minimum, the learning rate is reduced and the

loss function is allowed to converge. The patience of our early stopping mechanism was 50

epochs. This value was chosen to be signi�cantly higher than 4, which was the patience of

our learning rate reduction mechanism. Thus, the model is allowed many epochs to �nd

a path that decreases the loss function further. Empirically, this did not work as well as

expected. The reasons for this are uncertain, but may entail the learning rate decreasing

fast enough to prevent parameters from changing much at all.

During conception, the model was tested with di�erent levels of data augmentation.

In many cases, this drastically impaired performance. At �rst glance, this seems counter-

intuitive: The main case for augmenting data is to create a larger set of data for the

network to train on. In theory, this should allow for better performance through a larger

pool of features to extract. Indications like these also con�ict with the empirical data

of Krizhevsky et al. [18] who successfully made extensive use of augmentation in their

Dense Convolutional Neural Network. It may be that medical images are not as easy to

augment without distorting de�ning features. The number of possible augmentations is

also smaller. For example, because all medical X-ray images come oriented in a very simi-
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lar way, all rotational augmentation would add information that one does not necessarily

want the network to learn. The degree of augmentation may also play a role. For example,

when cropping the X-ray images, it is possible that the area containing pneumothorax

was cropped out. This would mean that the augmented image did not contain pneumoth-

orax, which would lead to worse performance when using a model trained exclusively

on images containing pneumothorax. This might imply that the network used was not

optimal for use in conjunction with data augmentation.

Another factor that may contribute to somewhat disappointing results is the image

downsampling performed in conjunction with the data acquisition. Downsampling from

1024 × 1024 to 128 × 128 pixels reduces the total number of pixels by a factor of 64.

Doing this, one risks losing a lot of details. These details may well be critical in the

segmentation of pneumothorax. Of course, di�erent methods for image downsampling

vary in both e�ciency and the amount of details preserved. Both bilinear and bi-cubic

interpolation were tested during training. Bi-cubic interpolation, while preserving more

detail, was found to allow for low negative pixel values in the masks. This led to minor

complications at �rst, as they were expected to be in the interval [0, 1]. This could, of

course, be resolved by clipping the values to the interval [0, 1], but doing so risks losing

detail.

The uXception model uses depthwise separable convolutions. Since they reduce the

number of individual calculations needed for a traditional convolution, they e�ectively

reduce the computational complexity of the model. There are, however, also disadvantages

to this decrease. Because depthwise convolutions reduce the total number of trainable

parameters in the model, it might fail to learn if the layers do not contain enough total

�lters. However, considering the depth of the Xception backbone, this seems unlikely.

Despite a large part of the predictions having Dice coe�cients close to 0%, it is

noticeable when regarding the histogram in Figure 13 that a number of the predictions

also have Dice coe�cients that are neither close to 0% nor close to 100%. This seems to

indicate that a substantial part of the predictions �nd the general location of the ground
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truth mask, but fail to predict the exact shape of the ground truth mask.

4.1 Further Studies

This study has one chief limitation: computational power. The training of a neural net-

work takes time. Because of the limited time frame, this study does not aim to present

a network perfectly capable of classifying cases of pneumothorax. It merely aims to act

as a proof of concept of the use of similar architectures for medical image classi�cation

in general, using pneumothorax classi�cation as an example.

Already established architectures and ones that are yet to be proposed might be ap-

plied to the task of segmenting X-ray images containing pneumothorax. It is possible that

other types of architectures are more pro�cient at extracting the kind of abstract features

that make pneumothorax segmentation possible. Other loss functions better adjusted to

unbalanced data sets might perform better.

One possibility is that weights pre-trained on a general image database such as Ima-

geNet [22] do not convert well to medical segmentation tasks. It might be more e�cient

to train the weights on the pneumothorax data set from the beginning. Naturally, this

also entails a longer and more computationally intensive training process, requiring more

time and perhaps even more specialized hardware.

Recently, Kervadec et al. [32] proposed the new boundary loss function speci�cally

for the segmentation of highly unbalanced sets, e.g. medical image sets. It is based on the

distance of boundaries rather than the overlap of regions. It is shown to improve Dice

Score by 8% on two medical image test sets when used in conjunction with a Dice loss

function. An interesting application of this loss function would be the segmentation of

pneumothorax in xX-ray images.
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5 Conclusion

The uXception model is at least somewhat pro�cient at segmenting instances of pneu-

mothorax. At around 35 % Dice score, the model is not yet reliable enough to be used

in medical triaging. The study shows that the concept of training a neural network to

segment medical images is possible, albeit di�cult.
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A A Selection of Predicted Images

The ground truth mask is marked in red, the predicted mask is marked in green and

areas where both masks overlap are shown in yellow.

Figure 15: Dice 75.62% Figure 16: Dice 76.95% Figure 17: Dice 79.37%

Figure 18: Dice 0.02% Figure 19: Dice 0.003% Figure 20: Dice 0.03%

Figure 21: Dice 0.12% Figure 22: Dice 0.46% Figure 23: Dice 2.70%
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Figure 24: Dice 7.16% Figure 25: Dice 33.41% Figure 26: Dice 36.46%n

Figure 27: Dice 38.33% Figure 28: Dice 78.78% Figure 29: Dice 80.53%

Figure 30: Dice 82.40% Figure 31: Dice 82.37% Figure 32: Dice 88.14%
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