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Abstract

Deep learning has been widely used for computer-aided diagnosis based on the large
size of training data and advanced techniques for training large models. However, it
highly depends on training data annotated by medical experts which is a time-consuming
and expensive task. Moreover, even if the annotation is available, supervised learning-
based approaches are not only limited to already known bio-markers but also suffer highly
imbalanced data. In other words, most of the scans collected in the hospital consists of nor-
mal subjects or major pathologies. If the model is trained with the class-imbalanced data,
it is not easy to detect various abnormal cases which should be treated in golden time. Re-
cently, autoencoder-based unsupervised anomaly detection methods have been explored
to handle this issue by training the model with a large size of normal scans and detect
abnormal cases by calculating the reconstruction error. To use the autoencoder framework
for the anomaly detection purpose, it is important to fully understand the normal scans.
In this thesis, to address this issue, a novel self-supervised learning method has been pro-
posed. The proposed method largely consists of two parts. The first part is a variational
autoencoder framework that is trained to reconstruct the input image from latent features.
To exploit the normal scans for the ability of the variational autoencoder, we pretrain the
model with a self-supervised learning scheme that uses context restoration. The pretrain-
ing with context restoration encourages the model to better learn semantic image features.
The second part is to train a model to predict geometry transformations. By training the
model to predict geometric transformations, the model could effectively learn the image
features and the distribution of normal scans. Finally, in the test phase, the anomaly scores
measured from the reconstruction part and the geometric transformation prediction part
are aggregated to improve the performance of the anomaly detection task. We validate the
proposed method in brain CT data. By comprehensive and comparative experiments, the
effectiveness of the proposed method is verified for brain anomaly detection.
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1. Introduction

1.1. Motivation

Deep learning currently works on human level for tasks on image classification by [28 ]
and this is possible only when the distribution of input data and the distribution of the
output data are similar i.e. if the classifier is being trained on classes of liver, spleen, and
stomach as input then the classifier does a very human-like job in identifying only these
classes but when a gall bladder belonging to same region is shown the predictions tend to
be overconfident and they predict the gall bladder as one of the three classes that it knows.
These overconfident predictions can be very dangerous in applications that require high
precision such as Autonomous driving or medical imaging. The cost of such overconfident
predictions may be very expensive in the above-mentioned application and hence the clas-
sifier should be able to detect things that are out of its input distribution thereby having a
distinction between what it knows and what it doesn’t.

In the medical field, the cost of obtaining labels for the task of segmentation and clas-
sification is a very expensive one and hence training deep learning models in supervised
method is very expensive. Moreover even the labels that are obtained also belong to major
classes such as bleeds and minor anomalies the number of data points is less.This leads
to very high class imbalance in training of the model. To avoid using supervised learning
due to above mentioned limitations and collection of labels which are expensive the prob-
lem can be formulated in the following way. We can learn the representation of only the
healthy class of subjects, the data of which are in abundance and easier to get. The model
can then flag the cases that do not conform to this representation of healthy as anomalous
samples. This is known as unsupervised anomaly detection.

Previous work in the field of unsupervised anomaly detection such as [40 ], [3 ], [45 ], and
[46 ] use a combination of well-established architectures such as Autoencoders, Variational
Autoencoders, Generative Adversarial Networks(GANs), etc to learn the distribution of
healthy images and then use the residual from the reconstruction of the original image by
these architectures to predict whether the sample is anomalous or not.

1.2. Problem statement

Deep Neural Network can learn non-linear features that do the task with precision. Deep
learning has been very successful in medical applications. The goal of this thesis is

• To explore Self supervised learning to learn the distribution of the images of CT scan
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1. Introduction

• Develop anomaly detection with a new framework of Out of Distribution detection

• Provide a Model that can detect the anomaly as a complete volume and localize the
location of anomaly.

1.3. Contribution

The main contribution of this thesis are the following

1. A novel architecture for unsupervised anomaly detection in brain CT scans. This
architecture contains two phases of training. The first phase is pretraining the Au-
toencoder network for context restoration based tasks. The second phase involves
the addition of classification head to the encoder and then training the network to
do both self supervised classification and reconstruction. This ensures that we can
classify whether a sample is healthy or anomalous and get the corresponding seg-
mentation from it.

2. A novel anomaly detection score that combines reconstruction score from the Varia-
tional autoencoder and the classification head of the architecture.

3. Novel training loss for the training of the unsupervised anomaly detection scheme
that combines cross entropy loss and the reconstruction based loss.

4



2. Related Work

2.1. Out of Distribution detection

The first work out of distribution(OOD) detection is by [21 ] where they use softmax score
as the out of distribution detector. The idea is that in-distribution samples will have a
higher softmax score compared to Out of Distribution samples. In [29 ] they make use
of ensembles of deep neural networks as a means to detect the OOD samples. [31 ] uses
temperature scaling proposed in [19 ] to increase the difference in distribution between the
In and OOD samples. It also makes use of Input pre-processing to make the classifier more
robust to adversarial examples. All these methods use Supervised learning methods to
determine whether the sample belongs to the in-distribution of trained samples or is OOD.
In [22 ] attempt to use OOD detection for detecting anomalies by exposing the classifier to
Out of distribution samples during the training phase itself. This is the first work that
attempts Out of distribution detection for Unsupervised learning. In the paper [23 ] use
self-supervision inspired from [15 ] to construct an OOD detector that can classify samples
as In or Out of distribution. From the paper, we can infer that self-supervision overtakes
the state of the art method from supervision approaches. Hence this work is inspired by
the approach from this paper.

2.2. Anomaly Detection in Medical Imaging

Unsupervised Anomaly detection has been a very long sought after problem in the field of
medical image analysis. A review of traditional methods such as content-based retrieval,
clustering, and Outlier detection for CT scans has been done in [42 ]. With the development
of Autoencoders first proposed by [37 ] which brought on the abilities to learn nonlinear
transformations on images was used for Unsupervised anomaly detection in brain images.
These Unsupervised anomaly detection methods can be divided into two categories of

1. Reconstruction based methods

2. Restoration based methods

Reconstruction based methods

Reconstruction based methods use a pixel-wise difference between the reconstructions
from Autoencoder based structures and the input image to determine the anomaly in
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2. Related Work

input-image space. [38 ] apply the Autoencoder based approach to do anomaly segmenta-
tion in Brain CT in a successful manner. [3 ] and [1 ] apply Autoencoder based approaches
to MRI brain anomaly segmentation. In [46 ] use concept of context inpainting to recon-
struct healthy image slices from missing parts of image. All these above methods made
use of linear bottleneck which hindered in the reconstruction of the healthy image slices.
In [27 ] show that learning from a distribution warranties better quality reconstruction. In
[45 ] show that using VAE helps in improving the anomaly segmentation for MRI scans by
using both kl-divergence and reconstruction objectives for training the network.

Restoration based methods

Restoration based methods in [39 ] and [10 ] try to learn the image distribution of the normal
data by moving to closest point in the normal manifold and then use pixel wise difference
to find out anomaly detection.

2.3. Self Supervised Learning

Self supervised learning is gaining attention due to its superior performance in tasks of
computer vision such as SimCLR [8 ]. The latest such self supervision has been used for
Out of distribution detection is by [44 ]. Other self supervised learning techniques used in
learning visual representation that is of interest to us is [35 ] which is Context inpainting
to learn features of images. Self supervision has been used in medical imaging and specif-
ically in Brain anomaly detection in [46 ] where a small part of the brain is masked and
reconstructed using a Variational autoencoder. In [7 ] they use misplace small patches and
try to learn the context of images by reconstructing the original images from the images
where patches have been jumbled. They then proceed to do further downstream tasks of
segmentation, classification etc. Further explanation of Self supervised learning has been
done in 3.6 
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3. Background

3.1. Computed Tomography Imaging

Computed tomography is a very popular in-vivo technique for medical imaging of pa-
tients. The images from CT scans can be reformatted in multiple planes and can even
generate 3-D images. An advantage of CT scans over X-rays is that they have better infor-
mation regarding internal organs, bones, soft tissue and blood vessels.

Computed Tomography is an imaging procedure in which beam of X-rays are focused
on a patient and rotated around the body producing signals that are processed to create
slices of images of the patient. The X-ray detectors in the CT scanners are special and are
located opposite to x-ray source. These signals are then passed on and by using numerical
techniques of back-projection and radon transforms the signals are converted back to im-
ages that represent the organ of interest.Many organs such as Lung, Heart, Kidneys, Brain
and Neck and Abdominal region can be imaged using CT imaging. In this thesis the organ
of interest is the Brain tissue.[6 ]

The most common use of CT scans in brains is to detect pathologies of Bleeding, Brain
Injury, Cavernoma, Atrophy, Aneurysm, Tumor etc. in a patient’s brain. The CT scans can
also be used in detection of Skull fracture and the associated bleeding in the Sub Arach-
noidal regions.

3.2. Machine Learning

3.2.1. Introduction

Machine learning is a sub-field of Artificial Intelligence. The main advantage of machine
learning over the existing techniques of Artificial intelligence inspired by logic is the ability
to learn from experiences and the data collected from the experience. The main goal of
machine learning is to optimize a model on this data and then generalise it to similar data
distributions.

Definition 3.1 Every machine learning problem consists of three main components of Performance
P, task T and experience E. A computer program is said to learn if it improves performance P while
doing task T based on experience E [33 ].

In the case of this thesis the task T is finding the out of distribution sample, The Experience
E is the data of Brain CT scans and the performance P is given by Metrics that measure
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3. Background

the classification of the model, the segmentation of the model etc. In machine learning
experiments generally the best practice is to split the data into 3 parts of Training data,
Validation data and testing data according to [25 ]

• Training Set: The data which is used to optimize the weights of the given model to
make accurate predictions.

• Validation Set: The data that is used to generalize by choosing hyperparameters for
the model and measuring performance of the model.

• Test set: Once the model is frozen with hyperparameters the test set is then used to
measure the generalization performance across the data. This set is not to be touched
during the optimization or hyperparameter selection process.

3.2.2. Types of Learning

There are mainly two main types of learning approaches as mentioned in [34 ]

• Supervised learning: The main goal of prediction is to learn a mapping between the
input data to the target variable or label. According to [41 ] Mathematically it is given
as f : X− > y where X is the domain of the data, y denotes the set of labels and f is
the function that maps the data with the labels

• Unsupervised learning: In Unsupervised learning the goal is to find some structure
from the data without the help of labels. Mathematical representation varies with
the task.

3.3. Deep learning

Deep learning is a sub-field of machine learning which uses artificial neural networks [20 ].
Machine learning algorithms such as K nearest neighbor, Logistic regression, linear regres-
sion were considered as Linear models which couldn’t handle much complexity. Kernel
methods were a good replacement but were very slow and tedious in estimating complex
functions [18 ].

Mathematically, this concept can be expressed as a nesting of functions:

f(x,w0, w1, ..., wK) = σk(wK
TσK−1(w

T
K−1...σ0(w

T
0 x))) (3.1)

where σk are known as activation functions. They control the linearity or non-linearity of
the function approximation. The above layered structured is called Multi-Layered Percep-
tron (MLP) or Fully Connected Network. The layers are known as Fully connected layers.
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3.3. Deep learning

Figure 3.1.: Fully Connected Network from Lecture notes of Course CS231n [25 ]

Backpropagation

The backpropagation algorithm [30 ] is the bed rock of all deep learning methods. The
back propagation algorithm computes the gradient of an objective function with respect to
weights of a multi-layer stack of modules is a practical application of chain rule of deriva-
tives. The key inference from the paper is that gradient of the objective with respect to
the input of a modules can be computed by working backwards from the gradient with
respect to Output of the module.

The backpropagation procedure can be applied repeatedly to propagate gradients through
all functions starting from output to the input which creates a possibility to train a neural
network end to end.

3.3.1. Activation functions

An activation function is a function used to introduce non-linearity in the neural networks.
An activation function is generally used in between 2 layers. Some of the activation func-
tions that are very common in usage are

• Sigmoid: The sigmoid function maps any real value to [0,1]. This is very useful
for getting probabilities of a class. The main disadvantage of a sigmoid function is
that when the derivatives are big or very small the gradients vanish and stops the
optimization process [17 ]

• Tanh:Hyperbolic tangent function is a zero centered logistic function which maps
the real input between -1 and 1. They also face with vanishing gradients problem
since if the input is large or small the gradients saturate. [17 ]

• Rectified Linear Unit (ReLU): Rectified Linear units is a function represented by
ReLU = max(0,s). This function provides fast convergence and doesn’t saturate like

9



3. Background

Figure 3.2.: (a)Sigmoid activation function (b) Tanh activation function (c) ReLU activation
function. All images taken from [25 ]

sigmoid and tanh functions. The disadvantage is that when the output of a ReLU is
negative then the gradients die out due to the flat part of the function. A small prac-
tical tip is to initialise the neurons with small positive biases (0.01). This is known as
Leaky ReLU. [17 ]

3.3.2. Loss functions

Loss function is used for optimization of the gradients. Loss function is generally min-
imized by using Optimizers such as Stochastic Gradient Descent, Adaptive Momentum
etc. Loss function generally measures the difference between the ground truth label and
the data prediction at the point and with optimization of the loss function the model learns
to predict the data better [17 ]. Some of the loss functions that are important in this thesis is

• Cross Entropy loss for multi class classification

• Mean Square error loss for the reconstruction of images

• KL-Divergence loss which measures the distance between two probability distribu-
tions.

3.3.3. Optimization

Optimization is an important component in the machine learning pipeline. The learning
process happens when there is an optimization of loss or reward function. The general
task of optimization can be described as

θ∗ = argmin
θ∈X

f(θ) (3.2)

where θ is the vector of parameters which need to be optimized constrained by the domain
X . In Numerical analysis there are very well established techniques for optimization of
Linear systems such as Least Squares method [16 ], Jacobi [12 ] and Gauss Seidel method
which fall under class of iterative solvers and Conjugate gradient method [11 ].

10



3.3. Deep learning

But deep learning problems and the loss functions that are being optimized are highly
non-linear in nature and the above mentioned algorithms don’t work anymore. The above
mentioned algorithms always look for a global minima which is not always attainable in
the case of the Non linear problems. Hence we need optimizations that atleast achieve a
local minima.

Gradient descent

For a differentiable function f is gradient descent (GD). It is based on iterative scheme
which can be given as

θk+1 = θk − α∇θL(θk) (3.3)

where θk represents the parameters of the algorithm at iteration k, α is a scalar representing
the magnitude of the step and L(θk) represents the loss function. α is also called learning
rate. The size of learning rate has to be chosen carefully in order to attain the local minima.
To prevent this issue Learning rate schedules can be used in increasing or decreasing the
learning rate with different settings depending on loss value, iteration etc.

Stochastic Gradient Descent (SGD)

For large data one pass through the entire data will take a lot of time and computation
of gradients can be slow. To combat this we can use stochastic optimization where there
is an assumption that exact expectation value of the gradient can be approximated by the
expected value of the smaller set of samples. Such sampling into mini batches so that we
dont see the data twice. A complete iteration over the entire data is called epoch. SGD
converges to a global minimum if the objective function is convex. To improve speed of
the SGD optimization there are first and second moments that are applied that can cause
faster convergence.

Adaptive momentum estimation

This method combines the first and second momentum from the Stochastic Gradient De-
scent.

mk+1 = β1m
k + (1− β1)∇θ(θk) (3.4)

sk+1 = β2s
k + (1− β2)[∇θ(θk)�∇θL(θk)] (3.5)

θk+1 = θk − α mk+1

√
sk+1 + ε

(3.6)

to correct for bias of the estimators, we use m̂k+1 = mk/(1− β1) and ŝk+1 = sk/(1− β2)
replace mk+1 and sk+1 with m̂k+1 and ŝk+1 as shown in 3.6 . Most of the algorithms used
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3. Background

in this thesis use Adam estimation as it is expected to converge the fastest among other
options such as AdaGrad, SGD with momentum etc.

3.3.4. Convolutional Neural Networks

The disadvantage with fully connected networks is that they take a lot of computations
and occupy a lot space while computing. For images Convolutional neural networks are
very common in usage. In general convolutional neural networks(CNNs) are used to pro-
cess data that comes in the form of multiple arrays or tensors. The four key ideas that are
reason for their success is the usage of shared weights, local connections, pooling and the
depth that we can adapt while designing the architecture.

Shared weights restrict the degrees of freedom in an algorithm. This can be illustrated
with the case of images. A fully connected network for a 100x100 image needs about 104

weights. As the layers increase the number of weights increase which make it impractical.
Sahring this weights for different parts of image reduce the order of weight to 102.

Convolutional layers

In CNNs one filter would be equivalent of a neuron so a Convolution layer would be
formed with several filters. Each convolution later is followed by an activation function
typically ReLU as in 3.3.1 . A 2d convolutional layer can be specified with filter width, filter
height and number of filers. The depth of filter has to match and it implicitly given. Some
of the other components important for understanding a CNN are

• Stride: The assumption is that now the filters have been moving pixel by pixel. But
one can choose to apply the filter every n-th spatial location. This step of sliding is
called a stride. In general , having an input of NxN and a filter of FxF with a stride of
S, the output is of size (N−FS +1)(N−FS +1) if (N−FS +1) is non-integer it is forbidden.

• Padding When applying convolutions the size of images shrink by a factor with
respect to the input. With increasing depth of network the one can end up with very
shrinked outputs. One workaround is to pad the images. Padding means adding a
layer of values over the original image size to prevent this shrinking. Most common
form of padding is zero-padding. There are other options available such as reflection
padding etc. If we add a padding layer P then the output is expected to be (N+2P−F

S +
1)(N+2P−F

S + 1)

Pooling layers

In CNN architectures, it is common to include after some convolution layers an addi-
tional layer called the pool layer. This pooling operation is a fixed function, as a max(...)
operation or an average operation. These layers however, do introduce their own hyper-
parameters F and S for their filter size and stride. Having for example a Max Pooling Layer
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3.4. Autoencoder

over a matrix of 4 × 4, with F = 2 and S = 2, yields a pooled output of 2 × 2 in which the
elements correspond to a block-wise maximum of the input.

The role of the convolutional layer is to detect local conjunctions of features from the
previous layer, and the role of the pool layer is to merge semantically similar features into
one. Pooling layers reduce the dimension of the representation and create an invariance to
small shifts and distortions.

3.4. Autoencoder

An autoencoder [37 ] is a type of Neural network that learns the distribution of data by
compressing and reconstructing it back to the input space. In this form of representation
learning the High dimensional data points are reduced to Low dimensional data points by
using an encoder part of neural network that compresses the information. It is an extension
of Principal Component Analysis (PCA) where only linear transformations are used for the
reduction of dimensionality of the data points. However PCA fails in the case of very high
dimensional data as Linear transformations aren’t sufficient to represent these data points.

The autoencoder consists of three main components Encoder, Decoder and Bottleneck.
The encoder can be mathematically represented as h = f(x) where x is the input data and
f is the function that is being approximated by the Neural network h gives the latent space
which is a compressed representation of the input data x. The decoder can be represented
as r = g(h) or r = g(f(x)) where the r is the reconstruction of data input x.

When the dimension of h is less than x the autoencoder is then called undercomplete.
Learning using such an autoencoder helps us identify the most important features in the
data. The Loss function that is used as objective for minimization is given by L(x, g(f(x))).
This function L is generally as reconstruction loss given by L1 or L2 norm in the euclidean
space.

3.4.1. Autoencoder for Unsupervised anomaly detection

Autoencoder structures are one of the first architectures used for Unsupervised brain
anomaly detection by [1 ]. The Autoencoder is made of convolutional layers and can be
seen in figure 3.3 

The autoencoder is trained using the Reconstruction loss between the input and the
reconstructed output of the network. The reconstructed output is then thresholded to give
the lesion mask and segmentation metrics are calculated.

3.5. Variational Autoencoder

The variational autoencoder was first introduced by Kingma et.al in [27 ] and is a model
that constraints the latent space distribution to known prior distribution. The learning
problem is formulated in a probabilistic method. Let x be the input data and z represent
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3. Background

Figure 3.3.: Autoencoder architecture for Unsupervised anomaly detection [1 ]

the latent space representation which models the joint probability distribution as p(x, z) =
p(x|z)p(z). The prior can be defined as samples being drawn from a defined sitribution of
latent samples. The objective is to minimize the likelihood p(x|z) on conditioned on the
prior. Generally the prior is chosen as Normal distribution or Gaussian distribution with
zero mean and standard deviation eqaul to one which can be represented as N (0, 1). The
output of the network which is to reconstruct the input from the minimization of likelihood
condition on latent distribution is known as the posterior distribution.

This posterior distribution is intractable and an approximate posterior distribution is re-
quired. From Bayesian analysis we can use Variational Inference seeks this approximate
posterior through a family of distributions.Variational inference [18 ] allows for this by opti-
misation by maximising the Evidence Lower Bound (ELBO). Similarity in distribution can
be measured by minimising Kullback Leibler Divergence, Jensen Shannon(JS) divergence
which are metrics that measure distances between distributions. Linking this probabilistic
model to neural networks the VAE parametrises the approximate posterior distribution
using the encoder and decoder. The Joint distribution is now parametrised by the neural
network.

3.6. Self Supervised learning

In medical imaging dataset collection is a huge difficulty. Supervised learning limits the
application of deep learning to medical data. Since the medical annotations need to be
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done by technical experts the cost of such methods go up drastically. So self supervised
learning solves this problem by creating pseudo labels from the data itself.

Self supervised learning is a subset of unsupervised learning methods. In self super-
vised learning the neural networks learn features by using automatically generated labels.
These self supervised learning are learnt from pretext tasks which are used for learning
visual features from the data.

From [24 ] we can see that These pretext tasks have 2 common properties

1. Features need to be extracted by the convolutional neural networks for further pro-
cessing

2. Pseudo labels for the pretext task can be generated from the attributes of images
itself.

Generally shallow layers capture general low level features like edges,corners and textures
while deeper layers capture task related features.

The general workflow of Self supervised learning is given in 3.4 

3.6.1. Formulation

In formulation Self-supervised learning is similar to supervised learning setup. There
dataset is represented by (Xi, yi) where Xi represents the datapoint and yi represents the
labels which are human annotated in the supervised learning setup whereas in the self
supervised learning setup these are determined by pretext tasks. The label is represented
by Pi where it represents the pseudo label instead of ground truth yi.

Given a set of N training data represented by
{
Xi, Pi

}n
j=1

the trainig loss function can
be defined as

loss(D) = min
θ

1

N

N∑
i=1

loss(Xi, Pi) (3.7)

The labels Pi if automatically generated then corresponds to Self supervised learning.The
general schema of Self supervised learning is given in the figure 3.5 

3.6.2. Common Pretext Tasks

A Pretext task is a task that is used to generated labels from the data or to extract features
from the data. The pretext tasks can be put into four broad categories. They are

Generation based methods

This type of methods learns features by learning pretext tasks that involve Image genera-
tion. Some of the very common tasks are context inpainting as proposed by Pathak et.al
[35 ] and using GANs for self supervision such as chen et.al [9 ]
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3. Background

Figure 3.4.: General pipeline of the self supervised learning networks. The pretext tasks
are used to learn features and then the downstream tasks are used for accom-
plishing task such as object detection, segmentation etc. [24 ]

Figure 3.5.: Figure shows the Self supervised learning schema of generating labels and op-
timisation using loss function [24 ]
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3.6. Self Supervised learning

Context-Based methods

This method designs tasks based on context features of images such as context similar-
ity,spatial structure, temporal structure etc.

Free Semantic label methods

In this method some transformations are applied on the data and trained on the prediction
of these transformations as a pretext task [15 ]

Cross Modal based methods

This type of task design involves training convolutional neural networks to verify whether
two different channels of input data are corresponding to each other. These are generally
used in 3D images and in video data.

In this thesis we mainly use context based methods such as Context restoration [7 ], Con-
text Inpainting[46 ], Geometric transformation [23 ].
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4. Dataset and pre-processing

4.1. Dataset

The dataset used in the thesis is an In-house dataset from deepc gmbh and TUM Neuro-
radiology consisting of 179 healthy patient CT scans and 44 Anomalous CT scans. The
distribution of the Anomalous samples is across different pathologies and are as follows

Pathology Number of volumes

Atrophy 20
Intra cranial bleeding 11

Ischemia 9
Cavernoma 1
Aneurysm 1

Bleed 1
Tumor 1

The class imbalance has been shown in figure 4.1 

The dataset is split as 149 volumes for training with 20632 usable slices (eg:non zero)
The training data is then further split into 20% of healthy training volumes as Validation
set i.e. 4126 slices will be used for validation from the training set while 16506 slices of
images will be used for training. There are 30 healthy volumes for testing with 4314 usable
slices.

Normal volumes Number of volumes Usable slices

Training set 149 20632
Test set 30 4314

Some examples of dataset has been given in figure 4.2 

4.2. Pre-Processing pipeline

In the Preprocessing stage we have a pipeline that takes a raw unprocessed image in nifti
format and then the pipeline converts it to an image usable for deep learning by perform-
ing operations of resampling, brain extraction, and rigid registration. The pipeline is illus-
trated in 4.3 . Each step is explained briefly in the following paragraphs.
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Figure 4.1.: Distribution of Normal and Pathology in the dataset, The green bar represents
the Normal images and Red bars represents the anomalous samples

Figure 4.2.: Samples of Normal and Anomalous images with labels of the pathology
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4.2. Pre-Processing pipeline
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Figure 4.3.: Preprocessing pipeline for CT scans
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4. Dataset and pre-processing

In first step resampling is performed using ANTs a registration tool [2 ]. In the resam-
pling process a linear interpolation is used to bring the resolution of the image to 1x1x1
mm. The command used for resampling is ResampleImageBySpacing from the ants li-
brary.

In the second step we use the library fsl which is generally used for MRI preprocessing
to extract the brain image. We use the bet and fslmaths commands from the library. We
extract brain only masks from which removes the optic nerve, traces of skull voxels. Skull
stripping is then performed on these extracted masks.

In the third and final step the rigid registration is done using ANTs. The affine rigid
registration uses nearest neighbor interpolation. The result of all these steps is a volume
that has a shape of 240x240x155 where there are 155 slices. Then the slices are extracted
from the volume of the nifti files to give 155 nifti images per volume each having size
240x240x1. The affine rigid registration was chosen over non-linear registration so as to
keep original properties of the brain since non-linear registration deforms all brains to a
similar template. An in-house ATLAS was used for the registration purposes.
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5. Methodology

In this section the proposed Idea is explained in greater detail with relevant and distinct
inputs being specifically mentioned.

5.1. Data Input

From previous literature and experiences it was decided that input would not be 3d vol-
ume as a whole but the 3d volume split into distinct slices as obtained after registration.
Certain Image processing was done during loading the data to ease the load on the net-
work training process.

Slice Selection

Slice selection is very common process in the field of anomaly detection. Generally only
central slices are selected and given for training as they have maximum probability of
finding lesions. But we dont do that in our dataset since there are cases in which the
anomalies are in the initial and the rear end of the volumes. But the elimination of blank
slices is done since there is no useful information to learn from these blank slices. Slices
with brain matter less than 10 pixels have been removed. With this the total number of
training slices amount to 20630 trianing slices.

5.2. Anomaly detection by Context restoration and Reconstruction

This anomaly detection involves a two stage training process. In the first stage an autoen-
coder is trained with the objective of restoring the context and learning the visual features
from the context restoration task. In the second stage a fine tuning of the network is done
to improve the reconstruction of the images. The following section explains in detail the
components involved in building the model.

5.2.1. General Pre-processing

After the pre-processing done with raw images in 4.2 further image pre-processing is done.
The image which is in Nifti format is loaded to the network as numpy array [43 ] using
the Nibabel package [5 ]. After this we generally normalize the image between 0 and 1.
The image is then scaled to 128x128 to reduce the computational load on the network.
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Rescaling the image helps in not losing the parts of images but just interpolating them to
smaller size.

5.2.2. Loading the data

The dataloader is a very important part of the pipeline which self generates labels or helps
in learning features according to the methods as described in 3.6 .In this section we pro-
vided a detail of how the dataloader is built for this model.

Pretraining using context restoration

For the context restoration two points are extracted from non-zero parts of the image in
axial orientation and then a patch of size 1/8 image size is created with the extracted point
at center of the patch. These patches are then swapped. The dataloader then returns the
swapped image and original image.

VAE reconstruction

For the VAE reconstruction model the image is fed as axial orientation.

5.2.3. Network Architecture

Initial Designs

Various designs of architecture was experimented with before arriving at the final archi-
tecture. Since the main task is to get a segmentation a U-Net architecture with skip con-
nections was attempted but since the main goal is to reconstruct the image the skip con-
nections by feeding the gradients fooled the network to function as an Identity function.
Hence an Autoencoder was the next choice of networks. However with the autoencoder
also the reconstruction were quite poor and masks output of the autoencoder based ar-
chitecture did not yield any positive results. So we moved to a Variational Autoencoder
based architecture.

VAE Architecture

The problem in anomaly detection is that the classes are very different in size, shape and
intensity of the anomalous pixels. Some pathological cases such as stroke or Ischemia is
varying in intensity with compared to an anomaly like Intra cranial bleeding(ICB). Most
of previous work in anomaly detection generally work with Bleeds which are hyper dense
pixels. In this work we try to capture all variations from the normal brain as a Anomaly.To
have a very high resolution reconstruction a modular custom Variational autoencoder ar-
chitecture is used. The size of the latent space and the maximum filter size is set to 512.
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Figure 5.1.: Network architecture for Context restoration used as Pre-Training for the main
architecture
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Figure 5.2.: Network architecture for Reconstruction fine tuning

The encoder is divided into 6 blocks. The convolutional filters have the same parame-
ters throughout of kernel size 4, stride 2 and padding 1. In the first block the number of
channels are increased from 1 to 16 and then in the further blocks until the latent space
dimension the channel size has been increasing in order of 2 to give number of channels
as 16,32,64,128,256 and 512.

We then apply the reparametrization trick from [27 ] to the convolutional latent space
of 512 to split into two chunks of 256 channels each.A prior of Gaussian distribution with
zero mean and unit covariance is applied. The decoder architecture is then applied which
is same as encoder architecture with transpose convolutional parameters kernel size = 4,
stride=2 and padding=1. The reconstruction is then obtained for the pretraining.

Both the encoder and decoder Batch normalisation is applied and the activation function
is LeakyRelu where the slope is 0.1.

Loss functions

For the pretraining network the training objective of the loss function is the minimization
of Mean Square error when comparing the reconstruction with the input image. If the
input image is x ∈ RN and the reconstruction is given by x̂ the mean square error is given
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as
Lrec = ‖(xi − x̂i)‖2 (5.1)

5.2.4. Training

For the training of the context restoration network we follow the steps given in Algorithm
1 

Algorithm 1: Training Algorithm for Pre-training with Context Restoration

Initialization: parameters of encoder Qφ ,decoder Gα for epoch in totalEpochs do
for batch in totalBatches do

Sample xi from Inputimages x;
Sample x̃i from Swapped Images x̃;
Obtain reconstructions x̂i from model Gα(Qφ(z|xix̃i)) for i= 1,..n
Optimize: L = ‖x̂i − xi‖2 using Adam optimizer [26 ]

end
end

The stopping criterion for the training is to check the plotted losses and image of the
reconstruction for the overfitting or learning or the context. Once the loss starts to divulge
it is preferred to stop the training else the network starts memorizing the swapped patches
which is undesirable.

Following this the second part of the training is done where we fine tune the network
to improve the reconstruction of images. This training algorithm is represented by Algo-
rithm 2 

Algorithm 2: Training Algorithm for VAE with pretraining

Initialization: parameters of encoder Qφ ,decoder Gα for epoch in totalEpochs do
for batch in totalBatches do

Sample xi from Inputimages x;
Obtain reconstructions x̂i from model Gα(Qφ(z|xi)) for i= 1,..n
Optimize: L = ‖x̂i − xi‖2 using Adam optimizer [26 ]

end
end

5.3. Anomaly detection by Multi task learning

This anomaly detection involves a two stage training process. In the first stage an autoen-
coder is trained with the objective of restoring the context and learning the visual features
from the context restoration task. In the second stage a classification head is added to the
latent space of the encoder part and then a novel loss proposed is minimized. The moti-
vation for this network is that it can classify anomalies based on self-supervision and can
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Figure 5.3.: Network architecture for Multi task learning

also offer reconstruction based segmentation masks for localization of anomaly.
The following section explains in detail the components involved in building the model.

The general pre-processing of the data remains the same. But there is a variation in the
self-supervision classification

5.3.1. Loading the data to the network

in Self supervised classification the dataloader is the most important component since it
is in the dataloader that we generate automatic labels from existing data. In this case we
randomly rotate the image by multiples of 90 and translate the image to approximately
1/8th image size on either sides. So the corresponding label for a data is a dimension 3
tensor which can be represented as follows BxTxR where B represents batch size. T class
for translation which has 6 classes, one class for each movement along the horizontal and
vertical direction, R class for rotation which is a value in range 0-4.

5.3.2. Network Architecture

The architecture is similar to the 5.2.3 for the autoencoder part which does the anomaly
localization. The new addition to the architecture is a fully connected layer from before
the re-parametrization trick is applied. This fully connected layer has the total number of
classes that are being predicted by the self supervised network.

5.3.3. Loss function

The loss function for the classification network is given by cross-entropy loss which can be
mathematically represented as

Lclassification = −
C∑
i

yi log xi (5.2)
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5. Methodology

where yi represents the label for the corresponding data point xi. The reconstruction loss
remains similar to equation 5.1 .

For the multi task learning we combine both these loss functions with a scaling term to
bring both the losses to similar scale and then reduce for the loss. The newer loss function
is given by

Lmultitask = Lclassification + εLrec (5.3)

where ε is the scaling factor to bring both the losses to the same scale. The Adam op-
timizer [26 ] is used to optimize the loss in this case and a Learning rate scheduler for
reducing the learning rate when the loss value attains a plateau is used.

Algorithm 3: Training Algorithm for Multi Task learning
Initialization: parameters of encoder Qφ ,decoder Gα and classification head Cβ ,
for epoch in totalEpochs do

for batch in totalBatches do
Sample xi from Inputimages x;
Obtain reconstructions x̂i from model Gα(Qφ(z|xi)) for i= 1,..n
Obtain cross-entropy loss from Lclassification = cβ(Gα(xi))
Obtain the reconstruction residual Lrec = ‖x̂i − xi‖2
Optimize for the joint loss Lmultitask = Lclassification + εLrec using Adam
optimizer [26 ]

end
end

The hyperparameters for training the models has been provided in

5.4. Inference

During inference a patient scan is fed into the network as 2-dimensional axial slices at a
resolution of 128x128. Each slice is encoded back to the latent representation and then
decoded back to form the reconstruction. Since model is trained only on healthy scans
the anomalies fail to be reconstructed and the difference between the reconstructed output
and the initial output provides the segmentation masks. A detailed approach is given in
6 . For the multi task learning case 5.3 we get softmax scores from the classification head in
addition to the reconstructions which are then combined to give meaninful results which
are explained in detail in section 6 .
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6. Experiments

The main results that we aim to produce is segmentation masks from the reconstruction
based models and a Classification score which is used to classify whether the sample is Out
of distribution (Anomalous) or not. The main area of evaluation is how the discriminative
power of the model is when classifying the anomalous and healthy images this is achieved
with the help of metrics such as Area under Receiver operator characteristic curve and
Area under Precision Recall curve. The approach proposed in this thesis is validated in
several fronts. First We compare the results from the proposed architecture with the State
of the art methods. Second we propose a new anomaly score for the multi task approach
5.3 Third we evaluate the ability of the reconstruction of methods proposed in 5.2 and 5.3 

by checking the dice similarity coefficient. The reported results are averaged over 5 runs

6.1. Evaluation Metrics

AUROC - Area Under Receiver Operator characteristic curve

AUROC is a threshold independent performance evaluation. The ROC curve is a graph
between False positive rate and True Positive rate . According to [21 ] AUROC can be
interpreted as the probability that a positive sample has a greater detector score than a
negative sample.

AUPR - Area Under precision recall curve

AUPR sometimes is more informative when compared to AUROC though both are thresh-
old independent metrics [13 ]. The precision recall curve plots a graph between precision
and recall. The baseline predictor has a AUPR value equal to precision in worst case sce-
nario and in the worst case scenario the AUPR value is 1 (complete area under curve).
The base rate of positive class influences the calculation and hence we must mention what
is positive. In our case since we are aiming at finding Out of distribution samples we
consider that as a positive case.
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Dice Similarity coefficient

The dice similarity coefficient is a segmentation metric that is used to measure the similar-
ity between two sets of data. It can be mathematically given as

DSC =
2|X| ∩ |Y |
|X|+ |Y |

(6.1)

6.2. Anomaly score calculation

6.2.1. VAE with Pretraining

During inference the network is given 2 dimensional axial slices as input. The final anomaly
score is the residual of the network output with the input image. This anomaly score is cal-
culated for healthy images as negative class and Unhealthy images as positive class. We
then calculate the AUROC and AUPR values and plot the ROC and PR curves.

6.2.2. Multi Task model with Pretraining

From the architecture of Multi task model 5.3 we can see that there would be two outputs
from the model one from the classification head which gives the softmax score correspond-
ing to the self supervision of rotation, translation etc and second being the corresponding
reconstruction score by the Variational autoencoder. The combination of both the scores
are done to get a uniform score. The score is calculated by using the normalized weighted
averaging using parameter λ which serves as hyperparameter. The combination can be
represented as follows.

score = (1− λ)sc + λsr (6.2)

sc =
ef(yi)∑
j e

f(xj)
(6.3)

sr = α‖x− x̂‖ (6.4)

where sc and sr represents the anomaly scores from the classification head and reconstruc-
tion respectively. α is the scaling factor which brings the reconstruction score to same scale
as the softmax score. In equation 6.3 the numerator represents probability assigned to label
yi and the denominator represents the sum of all probabilities. The relationship between
the reconstruction and softmax score is inverse in nature. The λ value is chosen to be 0.5.
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6.3. Results

6.3.1. Comparison with State of the Art

In this experiment we have implemented the methods [45 ] and [46 ] which are the superior
anomaly detection methods during the writing of this thesis for MR datasets. We however
train these networks on Our in house dataset and get the corresponding results for fair
comparison. The dataset is split in two ways to get similarities between the calculated
results and the clinical condition. The first case we call the method slicewise scores where
there is a complete disjoint between the anomalous slices of image and healthy slices of
image. The number of Healthy slices in this case of testing is 8120 and Anomalous cases is
3505.

In order to replicate the clinical condition we have a dataset where complete volumes of
the image are fed in but broken down into slices before the pipeline and we dont have a
previous knowledge of which slice has the anomaly hence the entire volume is marked as
anomalous in this case. We have 4805 or healthy slices where there are no anomalies and
6820 mix of healthy and anomalous slices. We call this case as clinical slicewise case.

In the table below the AUROC scores AUPR scores have been mentioned. The methods
are VAE-KL [45 ] , CeVAE [46 ], Anomaly detection by context restoration alone (Pretrain-
ing) 5.2.3 , Anomaly detection by VAE with pretraining 5.2 , Anomaly detection with Multi
Task learning with pretraining 5.3 

Slice wise score Clinical Slice wise

VAE-KL [45 ] 0.652 0.668
CeVAE [46 ] 0.741 0.766

Context Restoration 5.2.3 0.795 0.636
VAE with Pretraining 5.2 0.803 0.673

Multi task model with Pretraining 5.3 0.783 0.822

Table 6.1.: Table of AUROC scores comparison with state of the art anomaly detection
methods

From the above results we can see that in terms of Slice wise scores the VAE with pre-
training model performs the best. Another important thing to note is that the performance
by just performing Context restoration has beaten the State of the art methods. This is
a confirmation of our hypothesis that self supervision will have better impact over com-
pletely unsupervised learning.

In terms of AUPR we see that the multi task learning model with pretraining performs
the best which confirms our hypothesis that combining the reconstruction scores and clas-
sification scores would lead to better anomaly detection of a sample. In ?? we can see again
that AUPR values of context restoration has bettered the State of the art methods which is
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Figure 6.1.: Receiver Operator characteristic curves for all methods [45 ], [46 ], 5.2.3 , 5.2 ,5.3 
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a positive response towards the hypothesis.
In figure 6.2 and 6.1 we plot the AUPR and AUROC values across all the models.

Slice wise score Clinical Slice wise

VAE-KL [45 ] 0.369 0.704
CeVAE [46 ] 0.471 0.640

Context Restoration 5.2.3 0.663 0.758
VAE with Pretraining 5.2 0.638 0.772

Multi task model with Pretraining 5.3 0.646 0.868

Table 6.2.: Table of AUPR scores comparison with state of the art anomaly detection meth-
ods

Further experiments were performed comparing the effect of the scaling factor in multi
task model but most of them didnt yield good qualititative results and hence were not
evaluated quantitatively.

6.3.2. Segmentation

For localization of the anomalies we use just the Variational Autoencoder part in all mod-
els. In this experiment the images with anomalies are passed into the network and the
network which is trained on only Healthy images fails to reconstruct the unhealthy part
of the image leading to a blurry reconstruction after the decoder part. Taking a difference
between the Output of the Variational Autoncoder and the Input gives the residual masks.
But this residual cannot be used as a segmentation mask. For getting the segmentation
mask we need to threshold the image and binarize the residual to get the mask. After get-
ting the mask for each image we then proceed to calculate the Dice Similarity coefficient
with respect to corresponding Ground truth slices.

The dice scores for the dataset across all models have been computed and shown in table
6.3 

Model DSC (µ± σ)

VAE-KL [45 ] 0.110 ± 0.0212
CeVAE [46 ] 0.112 ± 0.0210

Context Restoration 5.2.3 0.085 ± 0.0242
VAE with Pretraining 5.2 0.112 ± 0.0213

Multi task model with Pretraining 5.3 0.086 ± 0.0246

Table 6.3.: Table comparing the Dice Similarity coefficient for all the models
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Figure 6.2.: Precision Recall curves for all methods [45 ], [46 ], 5.2.3 , 5.2 ,5.3 
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From the table 6.3 we can see that dice scores are very low. This can be attributed to lot
of false positives in the edges of the brain which is due to generation from the Gaussian
prior. The other reason to explain such a low dice score is the small size of anomalies. In
most cases of pathology though there is many anomalies in the brain the focus has been
just one particular pathology and the ground truth information lacks information about
multiple anomalies in the sample and hence a huge change in the dice score.

6.3.3. Pathology Wise Analysis

Since our data comprises of multiple pathological samples the generic anomaly detec-
tion evaluation based on segmentation and Area Under the Curve doesn’t give use which
pathology is being captured well and which pathology is not. For this experiment we con-
sider only slice wise cases (disjoint set between healthy and pathological samples). The
following table 6.4 gives us AUROC scores for different pathology. From the table we can

Model Context Restoration VAE with Pretraining Multi task with Pretraining

Aneurysm 0.841 0.895 0.840
Atrophy 0.760 0.774 0.760

Bleed 0.951 0.944 0.956
Cavernoma 0.783 0.710 0.583

ICB 0.915 0.910 0.903
Ischemia 0.775 0.794 0.788
Tumor 0.848 0.843 0.828

Table 6.4.: Pathology wise AUROC scores for the 3 proposed models. ICB in the above
table refers to Intra Cranial Bleeding

see that Bleed, Intra Cranial Bleeding perform the best. The sample for cavernoma is pretty
small and this is the reason why the Multi task learning is not able to differentiate between
the normal and anomaly.

A few samples with a comparison to ground truth has been shown in the following
figures.
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Figure 6.3.: Segmentation samples for all models Pretraining(CR) is Context Restoration,
VAE +CR is VAE with pretraining and Multi task+ CR is Multi task model
with context restoration
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Figure 6.4.: Segmentation samples for all models Pretraining(CR) is Context Restoration,
VAE +CR is VAE with pretraining and Multi task+ CR is Multi task model
with context restoration
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7. Discussion and Outlook

7.1. Discussion

In this thesis, a self supervised method for detection of Anomalies in CT brain scans has
been presented which uses novel ideas. Two models have been proposed with the most
notable model being the multi task model with pretraining which uses context restoration
in pretraining step to learn the features of healthy brain images and then adds a Classifi-
cation head on top of the model and then trains the network in a multi task fashion. We
then proceed to combine the scores from the classification and reconstruction to propose a
novel anomaly score calculation.

Previous work in field of anomaly detection focused only on reconstruction based seg-
mentation approaches in this approach we propose a novel contribution of combining it
with a classifier that helps the sample being classified as anomalous or not based on self
supervised out of distribution detection.

Experiments on In-house CT brain scans dataset has shown that the approaches achieve
state of the art anomaly detection. It would be interesting to see how the approach per-
forms on a Public dataset such as CQ-500 and Physionet where it would be validated
further on its performance of anomaly detection.

The main advantage of the model is that if the anomalies are small enough not to be
captured by the Reconstruction based methods the combination of self supervised classi-
fication and reconstruction residual scores helps in identifying the sample as anomalous.
One more advantage over other anomaly detection methods is that this method is trained
on all parts of the brain unlike the slice selection process that is done for training the other
anomaly detectors. This method now pertaining to CT scans can also be applied for MRI
scans with suitable preprocessing of the images and then changing the input of network
to a Three channeled image corresponding to each of the modailities.

7.2. Future Work

Though the model does well there are some limitation on the network as of now. The
model is performing poorly on Ischemia and Cavernoma which are hypodense anomalies
and the reconstruction based anomalies and the classification method fail to detect the
anomalies individually but the multi-task model is very unsure of the samples from a case
to case basis.
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7. Discussion and Outlook

There are multiple ideas that are possible for future work which would make this work
quite strong in anomaly detection

• Use of Adversarial loss function [32 ] to improve reconstruction. The effect of this
is that the false positives currently created in the reconstruction boundaries of brain
images will be removed and better segmentations can be obtained

• Use of concepts from Normalising flows [36 ] and invertible neural networks [4 ] to
learn the complex latent space. Currently the prior assumes a Unit gaussian distri-
bution with zero mean on the latent space. This can be improved with better proba-
bilistic learning of the latent space. Another added advantage is that this would be
improve the classification of the model.

• Use of Representation learning techniques to disentangle the features at the latent
space to improve classification and enable better sampling for reconstruction.

• Improve the uncertainty of network by moving on to using techniques like Monte
carlo dropout [14 ]. This shifts the model to complete bayesian perspective which is
better in predicting uncertainities of the model.
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A. Appendix

A.1. Choice of α in Multi task learning for loss function in 5.3 

The choice of α comes down to scale of the loss values of the reconstruction and the clas-
sification loss. Both the losses has to be of comparable scale and then the combination of
these losses. Figure A.1 shows the scales of two losses and how the choice of α was done
to bring them to similar scale. Since the scale difference is by order of magnitude 102 the α
was also chosen to be the same.
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A. Appendix

(a) Training loss

(b) Reconstruction loss

(c) Classification loss

Figure A.1.: Loss values while training Multi task learning model. The x-axis shows the
number of iterations of training and y-axis shows the loss values. These fig-
ures are obtained during the training period from logging of the loss values
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