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Abstract

Deep learning techniques hold significant promise in advancing medical image processing.

This is especially true for brain lesion segmentation, which is crucial for diagnosing and

monitoring neurological conditions like multiple sclerosis (MS). However, challenges such

as lack of clinically relevant machine learning models, data scarcity, and model generalisa-

tion remain major obstacles. This thesis addresses these challenges by proposing innovative

machine learning methodologies for improving brain lesion segmentation.

The first contribution of this work focuses on a clinically overlooked task: segmentation

of new lesions in MS using longitudinal data. We develop an end-to-end pipeline leverag-

ing a convolutional neural network with specialised preprocessing and data augmentation

techniques to segment new lesions appearing in follow-up scans. We validate our method

against a public challenge dataset, and demonstrate superior performance against state-of-

the-art biomedical segmentation models.

The second focus is on overcoming the scarcity of labelled data, which hampers the train-

ing of effective segmentation models. Two approaches are proposed. The first utilises an

adversarial technique to generate synthetic brain images with lesions from healthy subjects,

enhancing training dataset diversity. The second approach augments datasets at the lesion-

level by altering the lesion load of images with respect to dataset load distributions. Both

methods enhance brain lesion segmentation performance, especially in data-limited scenar-

ios.

Lastly, this thesis tackles the challenge of model generalisation by introducing a segmen-

tation model capable of handling heterogeneous input data and segmenting multiple lesion

types. Our model incorporates domain-specific anatomical constraints and benefits from

the augmented datasets produced by LesionMix. Results show that allowing for diverse

input data and incorporating domain knowledge, we can achieve enhanced segmentation

accuracy and generalisability across different datasets.

Collectively, these contributions provide a robust framework for advancing brain lesion

segmentation, with significant implications for clinical applications and the broader field of

medical image analysis.
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Chapter 1

Introduction

1.1 Motivation

The field of computer vision has seen significant advancements in recent years, largely due

to the development of sophisticated machine learning techniques. Among these, deep learn-

ing has gained considerable attention for its ability to automatically learn hierarchical rep-

resentations of data [79]. Unlike traditional methods that require handcrafted features, deep

learning models build multi-layered structures where complex features emerge from sim-

pler ones, such as edges, blobs, and basic shapes identified in earlier feature-selective lay-

ers [111]. This capability not only reduces the need for manual feature engineering but also

significantly enhances the ability of the model to capture intricate patterns, making deep

learning particularly effective for tasks in medical imaging, such as brain segmentation,

where brain substructures or abnormalities take on distinctive three-dimensional shapes [3].

Biomedical image applications of deep learning are slowly going into clinical practice.

Deep learning aims to provide better and faster medical diagnoses despite its lengthy time

for development and dataset curation [175], an example process visualised in Figure 1.1.

However, the power of deep learning in medical imaging extends beyond its accuracy and

adaptability to different datasets, organs, or imaging modalities; it also offers significant

time savings compared to manual analysis [4]. Currently, medical images are often analysed

by human experts, but given the sheer volume of scans, manual annotation and reading

have become the bottleneck of the image analysis pipeline. For example, in the case of 3D

brain scans, radiologists must analyse them slice by slice, which is both time consuming

and prone to human error [185]. Additionally, the process is inherently subjective, with

different experts potentially providing varying interpretations of the same scan [28, 182,
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FIGURE 1.1: An example overview of biomedical application of computer vision. Process
begins with a doctor consultation, which requests a medical scan. Acquired medical images
are manually annotated by radiologists or expert professionals. Labelled data is anonymised
and curated into a dataset. A computer vision algorithm utilises the dataset to train a model
for segmentation or other relevant task. Robust model provides better and faster diagnoses

of diseases. Adapted from [175].

102]. In this context, a deep learning pipeline capable of segmenting brain lesions quickly,

accurately, and objectively would be an invaluable support tool for radiologists and doctors,

enhancing decision-making and improving patient outcomes by providing consistent and

reliable analyses.

Within biomedical applications of deep learning, medical image segmentation, the pro-

cess of partitioning medical images into distinct regions or objects, plays a crucial role in

various clinical applications. Accurate and efficient segmentation enables precise quantifi-

cation of anatomical structures, localisation and characterisation of lesions, and assessment

of disease progression [156]. It facilitates computer-aided diagnosis, surgical planning, ra-

diotherapy treatment planning, and quantitative analysis of medical images for research

purposes [85]. By automating the segmentation process, deep learning models have the po-

tential to significantly improve the efficiency and accuracy of these critical tasks, leading to

better patient care and improved clinical outcomes.

Despite the promising advancements deep learning has brought to medical image seg-

mentation, its widespread adoption remains limited due to several distinct, yet overlap-

ping, obstacles. One of the foremost challenges is the limited availability of labelled medical

datasets [156]. High-quality, annotated medical data is essential for training deep learning
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models, yet obtaining such data is difficult due to the labor-intensive nature of manual an-

notation, the specialised expertise required, as well as privacy concerns. Furthermore, with

medical imaging modalities such as magnetic resonance imaging (MRI), the situation is ex-

acerbated by the cost and length of the imaging procedure [60]. Data scarcity coupled with

potentially high variability in unseen data can lead to poorly performing models [181]. For

this reason, it is essential to explore strategies to increase the variability and diversity in the

labelled datasets which we possess, such that the models trained on them generalise better

to unseen data.

Data scarcity not only hampers the ability to develop robust models but also aggravates

a domain shift problem, where models trained on data from one source may fail to gen-

eralise well to data from different sources [107]. These "domains" can be data which are

acquired in different countries, different medical scanners, parameters and pulse sequences,

or even data belonging to different age ranges or sexes. The simplest and most effective

method of approaching the domain shift problem is by incorporating more and diverse data

into the model, thus capturing the different distributions the data may possess. For exam-

ple, analysing the brain regions in Figure 1.2 (a) can be straightforward for medical experts,

however, the variation in intensity and shape of brain structures can vary widely, and can

prove troublesome for computer vision algorithms which don’t capture a diverse range of

brain shape and intensities. In practice, models trained on specific MRI machines drasti-

cally suffer in performance when implemented on other machines, as the images can take

very different intensity distributions [109], see Figure 1.2 (b) for an example. Therefore, it

becomes paramount that models are trained using as much of the available data that there

is, in order to reduce domain shift. However, it is common practice to omit relevant datasets

from model training in medical image segmentation due to differences in image and label

formats. This, inevitably, leads to missed opportunities in improving model robustness.

For example, in brain lesion segmentation, some datasets include only a single timepoint

scan [44, 108], while others provide scans at multiple timepoints [28]. Furthermore, there

can also be variations in the types of labels they offer, such as all or new lesion segmen-

tation. Therefore, it is of paramount interest to develop methods which can adapt to the

heterogeneous nature of medical imaging datasets. This will maximise utilisation of infor-

mation and build well generalising frameworks.
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FIGURE 1.2: Visualisation of the domain shift problem. (a) Brain scans from three different
MRI scanners. Scanner choice affects resolution of image and can alter intensities of respec-
tive brain structures. For example, the gray matter region is significantly brighter on the
Siemens Aera scan compared to the rest. (b) Averaged histogram of normalised brain MRI
scans from three different MRI scanner models. Intensity distribution of a scan is greatly
affected by the choice of the scanner. A model which incorporates images from all domains

will improve model generalisability.

Machine learning for medical imaging analysis requires the cross-disciplinary collabo-

ration of two very different disciplines: computer vision and medicine. This unique com-

bination has occasionally led to divergences in the focus of developed methods due to the

differing motivations of each discipline. While computer vision researchers often prioritise

technical benchmarks, such as improving segmentation accuracy or optimising model effi-

ciency, medical experts are more concerned with the clinical relevance and utility of these

methods. For instance, a model that achieves high accuracy on a standard dataset may

still fall short if it does not address specific clinical needs, such as the precise delineation

of lesion boundaries critical for surgical planning, or the ability to handle the variability

found in real-world patient data. Additionally, computer vision models sometimes focus on

achieving results in idealised conditions, which may not translate well to the complex envi-

ronments of clinical practice. Unfortunately, many recent academic works on medical image

segmentation focus solely on improving a segmentation metric by a small, non-statistically

significant, fraction of a percent. This disparity has caused a lack of focus on clinically rel-

evant machine learning tasks, with much of the research concentrated on technical bench-

marks rather than practical, real-world applications. As an example, the majority of brain

lesion segmentation datasets, which are of neuro-degenerative nature, contain only single

timepoint scans [44, 108, 114, 137, 160], despite the temporal progression of the disease and
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its significance to clinical decision-making. Bridging the efforts of machine learning scien-

tists and medical professionals is crucial for overcoming these obstacles and the successful

integration of deep learning into routine clinical workflows.

Finally, adoption of machine learning models in clinical settings face resistance partly

because many of these models operate as "black boxes", making it difficult for doctors to

understand or explain their decision-making processes. Clinicians are understandably hes-

itant to rely on tools they cannot fully interpret, especially when patient outcomes are at

stake [123]. This lack of transparency hinders trust and integration of deep learning mod-

els into routine practice, emphasising the need for models that are not only accurate but

also interpretable. One method of making deep learning methods approachable to medical

professionals is by incorporating anatomical constraints, which align the model predictions

with known medical domain knowledge and structures. Furthermore, the lack of trans-

parency can exacerbate issues of artificial intelligence (AI) fairness [147], as biases present in

the training data may be implicitly learned and propagated by the model without any clear

explanation. This can lead to biased predictions and potentially discriminatory outcomes

for certain patient subgroups, further eroding trust and hindering the equitable adoption of

AI in healthcare.

1.2 Objectives, Outline of Thesis, and Contributions

This thesis aims to provide solutions in three overarching topics in machine learning for

brain lesion segmentation: clinical relevance, data scarcity, and generalisability. We first

tackle the problem of the lack of a clinically relevant and overlooked longitudinal segmen-

tation task for multiple sclerosis. As such, we develop a method which utilises longitudi-

nal data for the segmentation of new lesions. Our solution is covered in Chapter 3. The

second obstacle is the scarcity of labelled data for training robust brain lesion segmenta-

tion models. For that reason, we provide two very different approaches for augmenting

data to increase data variability and improve brain lesion segmentation. Our solutions are

presented in Chapter 4. Finally, we improve model generalisability by maximising the in-

formation that we can use. We approach this by developing a comprehensive brain lesion

segmentation model with heterogeneous input capabilities, which can also segment multi-

ple types of brain lesions. Our solution increases model interpretability by incorporating
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domain knowledge in multiple sclerosis. It is presented in Chapter 5.

Chapter 2 provides an introduction into the domain of deep learning. A comprehen-

sive description of the most recent deep neural network architectures and implementations

is given. We also explain the shortcomings of deep neural networks, as well as common

methods of overcoming them. Finally, we provide a brief review on some of the state-of-the-

art deep learning methods in medical imaging segmentation and techniques on optimizing

these networks for use in the medical imaging domain.

Chapter 3 investigates the lack of use of longitudinal data in multiple sclerosis brain

lesion segmentation. We develop a segmentation pipeline in accordance to a 2021 MICCAI

challenge for new lesion segmentation. We implement a comprehensive preprocessing stage

along with a fully convolutional neural network architecture and imaging and lesion-aware

data augmentation to accurately segment new lesions which appear the second timepoint of

a longitudinal public dataset. Unlike other challenge participants, our method does not see

a trade-off between evaluation metrics, and achieves very promising performance. We pro-

vide an in-depth analysis of the evaluation and comparison to other challenge participants

as well as state-of-the-art segmentation methods.

Chapter 4 focuses on alleiviating the problem of data scarcity in medical image segmen-

tation. We provide two different approaches for tackling the problem of limited data. First,

we propose an adversarial method for generating pseudo-healthy images from patholog-

ical images, and unhealthy brain images from healthy images. Our method incorporates

an attention mechanism, such that it only alters the intensity of the lesion regions. Sec-

ond, we provide a fast and effective non-deep learning method, LesionMix, for enlarging

training dataset size. Unlike previous disease-specific augmentation techniques, LesionMix

augments lesions at the lesion-level, providing diverse shape and intensities of lesions even

when there are very few images. We also investigate optimal lesion load distribution for

training a segmentation model.

Chapter 5 introduces a novel method for overcoming the difficulty of training unified

segmentation models. We propose a 3D segmentation model, which can be trained using

a variety of different image and label availabilities, for segmenting new, all, and vanishing

multiple sclerosis lesions. We improve our method by implementing anatomical constraints

into the model, and by incorporating LesionMix to significantly increase image and label
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diversity. Our method demonstrates that notable improvements in segmentation perfor-

mance can be achieved by allowing heterogeneous data input and anatomically plausible

constraints into the training procedure.

Chapter 6 concludes and summarises the contributions of our work. We review our main

findings and discuss open challenges and future outlook of the adoption of deep neural

networks in medical image analysis.
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Chapter 2

Background Theory

2.1 Fundamentals of Deep Learning

Deep learning is a subset of machine learning which utilises artificial neural networks with

multiple layers. Unlike traditional machine learning methods, which often require man-

ual feature extraction, deep learning models can learn hierarchical representations of data,

making them particularly powerful for tasks like image segmentation, speech recognition,

natural language processing, and more. In this chapter, we will delve into the fundamentals

of deep learning, with a focus on image segmentation. We begin with an introduction to

the building blocks of deep neural networks, and cover the different layers and functions

involved in training deep neural networks. We will also explore various architectures that

have emerged, such as convolutional neural networks and generative adversarial networks,

highlighting their applications and their strengths and weaknesses. Finally, we will examine

recent advancements in deep learning applications in medical image segmentation.

2.1.1 Deep Neural Networks

Deep Neural Networks (DNNs) are a subset of machine learning models inspired by the

structure and function of the human brain. They consist of multiple layers of interconnected

artificial neurons, where each layer transforms the input data through learned weights and

biases. The use of multiple layers along with non-linear functions allow DNNs to model

complex, hierarchical patterns in data. In this subsection, we start by defining the build-

ing blocks of DNNs. We then introduce state-of-the-art and recent deep neural networks,

discuss limitations of deep networks, and techniques for overcoming these challenges.
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2.1.1.1 Building Blocks of Deep Neural Networks for Image Segmentation

To better understand how deep neural networks work for image segmentation tasks, we

start from defining and explaining the core elements which build deep networks. Here, we

introduce fully connected layers, convolutional layers, activation layers, pooling layers, and

the notion of receptive fields.

2.1.1.1.1 Fully Connected Layers

Fully connected layers, also known as dense layers, connect each neuron to every neuron

from the previous layer. These layers compute a dot product between a weight matrix and

the output from a previous layer plus a bias term. This dense connectivity allows the net-

work to integrate features extracted by convolutional and pooling layers, facilitating tasks

such as classification or providing latent representations.

Latent representations are high-dimensional feature vectors that capture the underlying

structure or essential features of the input data in a compact and abstract form. In the context

of fully connected layers, these representations are learned as the network maps raw input

data (e.g., an image) to a more meaningful and task-specific feature space. For instance, in

an image classification task, the latent representation might encapsulate abstract concepts

like shapes, textures, or object types that are crucial for distinguishing between classes.

However, fully connected layers lack inherent invariances, such as translation invari-

ance, which are present in convolutional layers (see next section). This means that a fully

connected layer treats all input features independently, without considering their spatial or

temporal relationships. For example, if an input image is shifted slightly, the outputs of

a fully connected layer will change significantly unless the model has explicitly learned to

account for such shifts during training. In contrast, convolutional layers leverage induc-

tive biases, such as weight sharing and locality, which make them naturally suited to handle

structured data like images. Despite this limitation, fully connected layers remain crucial for

tasks that require the integration of high-level features learned from earlier layers or when

working with data without clear spatial or temporal structure.
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2.1.1.1.2 Convolutional Layers

Convolutional layers are one of the core elementary units in deep neural networks. A con-

volutional layer consists of a set of learnable filters (also known as kernels), which are used

to extract features from the input data. Each filter convolves (slides) across the image, per-

forming element-wise multiplication and summing the results to produce a feature map,

also known as activation maps. This process is repeated for multiple filters, capturing vari-

ous features such as edges, textures, and patterns.

The convolution operation works as follows. Given a 2D input image, I, of size Hin×Win,

and a 2D convolutional with a filter, K, of size N × N, the feature response, O, at a pixel

position i, j can be expressed as

O[i, j] = (I ∗K)[i, j] =
N−1

∑
m=0

N−1

∑
n=0

I[i + m, j + n] ·K[m, n], (2.1)

where ∗ is the convolution operation, and m, n are the positions of the weights in the filter.

Here, I[i + m, j + n] refers to the pixel value in the input image that the filter is currently

covering. The size of the output feature map, Hout ×Wout, is given by

Hout =

⌊

Hin − N + 2P

S

⌋

+ 1 Wout =

⌊

Win − N + 2P

S

⌋

+ 1, (2.2)

where Hin is the height of the input image, Win is the width of the input image, P is the

amount padding applied to the input image before convolution, and S is the stride. Padding

is required to control the spatial dimensions of the output feature map and can be performed

in varying techniques, most common being zero-padding. The stride determines by how

much the filter moves over the image per operation. A stride of 1, where the filter moves

one pixel at a time, is the most common value. Thus, the convolution operation over the

whole image can be expressed as

O =
Hout−1

∑
i=0

Wout−1

∑
j=0

(

N−1

∑
m=0

N−1

∑
n=0

I[i · S + m, j · S + n] ·K[m, n]

)

. (2.3)

This operation is repeated for however many kernels and layers the neural network may

have. A visual example of the convolution operation is shown in Figure 2.1.
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FIGURE 2.1: Illustration of a convolution operation. A 3x3 kernel, K, is applied to a 3x5
input image, I, to produce a feature map, O. The cells between the blue borders in I are the
introduced zero-padding, which results in an output with the same dimensions as the input.

In this example, P = 1 and S = 1.

2.1.1.1.3 Activation Layers

Real-world data and the relationships between their features are often non-linear. Activation

layers contain functions which introduce non-linearity to neural network models. Without

non-linearity, neural networks would be equivalent to single-layer linear models, and un-

able to solve complex tasks. Among the many activation functions, the most popular is the

Rectified Linear Unit (ReLU) which was introduced by Kunihiko Fukushima in 1969 for vi-

sual feature extraction in hierarchical neural networks [68]. ReLU applies a non-saturating

activation function,

f (x) = max(0, x), (2.4)

where x is the output from a convolutional layer. ReLU removes negative values from an

activation map by setting them to zero, while retaining positive values. Other common

activation functions include the sigmoid, hyperbolic tangent, and leaky ReLU [5]. Activation

layers are prevalent in many deep neural network models, such as transformer networks,

fully connected networks, autoencoders, and GANs.

2.1.1.1.4 Pooling Layers

Pooling layers are responsible for reducing the spatial dimensions of the feature maps gen-

erated by convolutional and activation layers. This is achieved by dividing the input data

into non-overlapping tiles (regions), and combining the values obtained from each region
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FIGURE 2.2: Visualization of common pooling operations. 2x2 average pooling and max
pooling operations, where average pooling calculates the mean value, and max pooling se-
lects the highest value within each region, both reducing the spatial dimensions while re-

taining key features.

to create a downsampled representation of the input data. Aside from dimensionality re-

duction, pooling also helps in extracting dominant features, and provides local translation

invariance by ensuring small spatial shifts in the input do not significantly affect the output.

There are two prominent types of pooling operations: max pooling and average pooling,

typically using tiling sizes of 2 × 2. An example is provided in Figure 2.2. Max pooling

selects the maximum value within a defined window. In contrast, average pooling computes

the mean value within the window, resulting in a smoother representation of the feature

map. Several efforts have gone into developing more advanced pooling techniques, such as

strided pooling, spatial pyramid pooling, and others [186].

2.1.1.1.5 Receptive Field

Receptive field refers to the region of the input space (such as a region of an image) that a

particular neuron in a network is responsive to, i.e. how far and large of a region a neuron

is looking to decide what its label will be. In a convolutional network, each neuron in a con-

volutional layer is connected to a localised region of the previous layer, termed the neuron’s

receptive field, which is typically a small, square area of 3× 3 neurons. A large receptive

field suggests that the neuron also takes into account information from more global features.

Therefore, it might be intuitive to have a large convolutional kernel of 7× 7 or 9× 9, as it

would have a larger receptive field than a 3× 3 kernel. However, large kernels drastically in-

crease the amount of computations made per output. Furthermore, we can achieve the same

receptive field by stacking multiple convolutional layers. For example, in 2D convolution,
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a large 7x7 kernel can be effectively replaced by three successive 3x3 convolutional layers,

all while effectively reducing the number parameters nearly by half ((3× 32)/72 ≈ 0.55).

Stacking convolutional layers in 3D when dealing with 3D images results in reducing the

parameters by approximately 25%!

As convolutional layers stack and the network becomes deeper, the receptive field of

neurons increases. This allows the network to integrate information from larger areas of the

input image and capture more complex features, such as shapes or objects, rather than just

edges or textures. Understanding and calculating the receptive field is crucial for designing

networks, particularly for tasks requiring spatial context and hierarchical feature extraction.

2.1.1.2 Convolutional Neural Networks

The development of convolutional neural networks (CNNs) was significantly influenced by

Kunihiko Fukushima’s work in 1980 on the Neocognitron, a deep neural network model

inspired by the structure and function of the visual cortex in the human brain [69]. The

Neocognitron was designed to recognise patterns through a hierarchical structure of layers,

similar to how the visual system processes information in our brains. Fukushima’s Neocog-

nitron laid the groundwork for CNNs by demonstrating the effectiveness of hierarchical

feature extraction and local receptive fields. Soon after, LeCun et al. developed models us-

ing neural networks for zip code and number classification, thus extending CNNs to image

classification [112].

In a CNN, the input layer receives raw data, typically an image, which is then passed

through a series of convolutional layers that apply various filters to extract spatial features

such as edges, textures, and shapes. These convolutional layers are often followed by activa-

tion layers, such as ReLU, to introduce non-linearity, and pooling layers, like max pooling,

to reduce the spatial dimensions and provide slight shift invariance while also retaining im-

portant information. As the data progresses through these layers, the feature maps become

increasingly complex, capturing higher-level patterns. The output from the final layers is

typically flattened and fed into fully connected layers, which act as a classifier or regressor.

Finally, a softmax activation function normalises the outputs, and provides the predictions

as class probabilities for classification tasks. A visual example of a CNN architecture for a

classification task is shown in Figure 2.3.
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FIGURE 2.3: A generic convolutional neural network framework for medical image clas-

sification. The input image is processed through a series of convolutional, activation, and
pooling layers to extract features, followed by fully connected layers that classify the image
into its category. The dimensions above the layers denote the height, width, and number of

feature maps of the image. (Conv=Convolution)

CNNs can be applied to image segmentation tasks with modifications to the input and

the architecture mentioned above. A naive way for CNN-based image segmentation is to

implement a patch-based approach, where we divide the input image into patches and in-

dividually pass the patches through the network, we can obtain class-labels for the centre

pixel of each patch. Repeating this process for all patches yields a pixel-wise classification,

or segmentation. A clear disadvantage of this approach is that it requires every patch to be

passed through the network, making it inefficient and computationally expensive. It would

be much more preferable to have network which could output pixel-wise labels without

needing a patch-based approach, like fully convolutional networks, explained in the follow-

ing section.

2.1.1.3 Fully Convolutional Networks

Fully Convolutional Networks (FCNs) were initially proposed by Long et al. [124] for the

task of semantic image segmentation. Unlike CNNs, which utilise fully connected layers for

classification purposes, FCNs use convolutions to output a prediction heatmap for the input

image. This structure allows FCNs to generate outputs of the same spatial dimensions to

the input image, making them suitable for tasks requiring pixel-wise predictions. An FCN

typically adopts an encoder-decoder architecture. The encoder compresses the input image

into a high-level feature representation through a series of convolutional, activation, and

pooling layers (similar to CNNs), while the decoder reconstructs the spatial details through

convolutional and activation layers, and upsampling operations.
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FIGURE 2.4: Example 3D U-Net architecture for liver and tumor segmentation. The frame-
work features the characteristic encoder-decoder structure with skip connections. The skip
connections link corresponding layers in the encoder and decoder paths, enabling the model
to combine detailed spatial information from the encoder path with the upsampling layers,

improving segmentation accuracy for both liver and tumor regions. Image source [138].

In contrast to CNNs, which require a patch-based approach for segmentation, FCNs can

operate on entire images, simplifying the image analysis computational process and im-

proving efficiency. However, a basic encoder-decoder FCN may face challenges in preserv-

ing fine details and contextual information due to the reduction in spatial resolution caused

by pooling layers. Various enhancements have been proposed to address this shortcom-

ing. The U-Net architecture [148], introduces progressive upsampling and skip connections

to the FCN, which link the encoder and decoder layers at different resolution levels and

help in retaining and recovering spatial context that might otherwise be lost, thus leading

to more accurate segmentation results. Extensions of the U-Net architecture, such as the

3D U-net [41] and the 3D V-net [131], have become widely adopted in medical image seg-

mentation, demonstrating substantial improvements in segmentation accuracy by capturing

both detailed features and broader contextual information. An example 3D U-Net with skip

connections for liver and liver tumor segmentation is provided in Figure 2.4.

2.1.1.4 Autoencoders

Autoencoders (AEs) originate from work in the 1980s for dimensionality reduction, and data

reconstruction and compression [151]. Since, they have been adapted to image denoising,

image reconstruction, image segmentation, anomaly detection, and more [188]. Autoen-

coders consist of two main parts: the encoder, which compresses the input image into a
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FIGURE 2.5: A generic autoencoder structure. The autoencoder processes a blurry and poor
quality image, where the encoder compresses the input into a low-dimensional latent rep-
resentation, and the decoder reconstructs a clean, deblurred and denoised version of the

image.

latent representation, also known as bottleneck, and the decoder, which reconstructs the im-

age from this representation. A visualisation is provided in Figure 2.5.

Modern AEs for image analysis tasks are commonly composed of convolutional layers,

pooling layers, activation layers, and fully connected layers. The convolutional layers are

able to better capture spatial hierarchies and local patterns, and the fully connected layers

reduce to input to a latent representation at the network bottleneck. The encoder reduces

the image to a lower-dimensional feature space, capturing essential structures, while the de-

coder upsamples these features to produce a pixel-wise segmentation map. Upsampling can

be performed using transposed convolutions [59], such as 3× 3 transposed convolutional

kernels with a stride of 2, which effectively double the size of the feature maps. Alternative

methods for upsampling include max-unpooling and bilinear or trilinear interpolation.

However, AEs can be time-consuming and computationally expensive to train, as well

as be prone to overfitting, especially in low-data settings [116]. Furthermore, choosing an

appropriate size for the bottleneck layer is crucial for two reasons: (i) an excessively large

bottleneck can result in redundant dimensions and increased computational cost, while (ii)

an overly small bottleneck can cause significant information loss [80]. Despite these limita-

tions, autoencoders remain a valuable tool in reducing dimensionality through latent repre-

sentations, especially when dealing with large unlabelled 3D imaging data [10].
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FIGURE 2.6: The Vision Transformer model. An input image is divided into fixed-size
patches, which are then linearly embedded. Positional embeddings are added to to store
global location of patches.The resulting sequence of vectors is fed into a standard Trans-
former encoder. The encoder features normalisation, multi-head attention, and multi-layer

perception layers. Image source [57].

2.1.1.5 Transformers

Transformer networks were originally introduced in Vaswani et al.’s Attention is All You Need

paper in 2017 for natural language processing (NLP) purposes [171]. In NLP tasks, trans-

formers leverage self-attention mechanisms to capture long-range dependencies within text,

enabling better understanding between word relationships. In text data, words or subwords

are tokenized into quantitative representations, termed tokens. Each token is then mapped

to a learned vector in a fixed-dimensional space using an embedding matrix. The embed-

ding matrix captures information about the token’s meaning in the context of the training

data. Soon after application of transformers on text data, they were extended to images

using the Vision Transformer (ViT) by dividing images into smaller patches and treating

each patch as a token, similar to how words are treated in NLP tasks [57]. Transformers are

utilised in architectures for image classification, segmentation, and generative models [104].

The ViT model is presented in Figure 2.6.

The workflow of a transformer network for image classification or segmentation starts

with the input image being divided into a sequence of patches. Each patch is embedded

into a fixed-dimensional vector, and coupled with positional embeddings which provide in-

formation about their positions in the image. This embedding is then passed through the
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transformer layers which have multiple stacks of transformer encoders. The self-attention

mechanism within these layers enables the network to model relationships between dif-

ferent parts of the image, effectively capturing both local and global features. Finally, a

multi-layer perceptron (MLP) classification head can be used for image classification, or a

segmentation map can be output using upsampling and deconvolutional layers.

The Vision Transformer has since been improved. For example, the Swin Transformer

decreases computational complexity and introduced hierarchical structure by limiting self-

attention computation to non-overlapping local windows during patch formation [122]. On

the other hand, MaskFormer provides a unified framework for image segmentation which

combines mask prediction and classification in a single model through a pixel and trans-

former decoder [38]. Transformers architectures have shown several advantages over FCNs.

The self-attention mechanisms enables transformers to excel at capturing long-range depen-

dencies and contextual information, which can lead to improved accuracy in tasks where

understanding the global context is crucial [83].

2.1.1.6 Generative Adversarial Networks

Generative Adversarial Networks (GANs) were introduced by Goodfellow et al. in 2014 for

the purpose of generating images. Since then it has seen substantial adoption in natural and

medical imaging tasks due to its wide range of applications [77]. As shown in Figure 2.7, a

GAN consists of two neural networks: a generator network, which creates synthetic images,

and a discriminator network, which distinguishes between real and synthetic images. Dur-

ing training, the generator learns to produce increasingly realistic images by attempting to

fool the discriminator, while the discriminator improves its ability to detect the fake images

synthesised by the generator.

GANs are used in a multitude of techniques for assisting in image segmentation. One

common method is for augmenting datasets where acquiring large labelled data is challeng-

ing. By leveraging the adversarial training process, GANs can learn the underlying distri-

bution of a given dataset and produce new, high-quality images that closely resemble real

samples. These generated samples can then be incorporated into training datasets, increas-

ing image diversity, thus improving model generalisability and performance [14, 23, 98].
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FIGURE 2.7: A generic generative adversarial network for brain image synthesis. A gen-
erator produces images from noisy input, attempting to fool a discriminator into classifying
them as real. Meanwhile, the discriminator is iteratively improving its ability to distinguish
between real and fake images. This relationship between the generator and discriminator

leads to network to iteratively generate more realistic images.

Another utilised method is pairing a discriminator with a segmentation network to distin-

guish generated segmentation maps from ground truth maps. The segmentation network

generates pixel-wise maps, while the discriminator evaluates these maps against real an-

notations, providing feedback on how to improve the segmentation networks performance.

This adversarial setup encourages the segmentation network to produce more realistic seg-

mentations, as it learns to minimise the discrepancies identified by the discriminator.

However, GANs can be challenging to train due to instability problems [74] and require

careful tuning of the adversarial balance. Methods such as Wasserstein GANs [6] have

improved on the issue of mode collapse by enforcing smoother gradients and better con-

vergence, however, the problem is still not fully solved for complex data. Additionally,

GANs demand substantial computational resources for 3D image data and large datasets to

achieve optimal performance. Despite these challenges, GANs offer a powerful approach

for generating realistic images and segmentation maps, contributing significantly to recent

advancements in image segmentation techniques.
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Reverse diffusion process

Forward diffusion process

FIGURE 2.8: Illustration of the denoising diffusion probabilistic model. x1, ..., xT are la-
tents of the same dimensionality as the data x0 ∼ q(x0). The forward process in a Markov
chain, where the output of each step is used as the input for the next step, and involves
gradually corrupting the image by adding small amounts of Gaussian noise. In the reverse
process pθ , a Markov chain in the opposite direction, the model learns to reverse the noise
added during the forward process. pθ is approximated by minimizing a variational lower

bound on the negative log-likelihood of the data. Image source [87].

2.1.1.7 Diffusion Models

Diffusion models have made a significant contribution in the sphere of generative methods.

Inspired by non-equilibrium thermodynamics, the 2020 paper Denoising Diffusion Probabilis-

tic Models (DDPMs) introduced a process to produce high-quality synthetic images [87]. The

fundamental idea behind DDPMs, and their variants [50], is to learn a generative process

that reverses a fixed forward diffusion process which gradually corrupts the data. The for-

ward diffusion process is a fixed Markovian process where the image is gradually corrupted

by adding Gaussian noise over a series of timesteps. Once the image is corrupted, the re-

verse diffusion process, also known as the generative process, learns how to gradually denoise

a sample starting from noise to the original image. The diffusion process is shown in Fig-

ure 2.8.

Diffusion models have shown great contribution in various imaging application. Some

areas which they excel in include image denoising, super-resolution, synthetic image gen-

eration for data augmentation purposes, image-to-image translation, and image segmenta-

tion [50].

While diffusion models and GANs are both considered generative models, they each
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have their pros and cons. Unlike GANs, diffusion models do not suffer from the mode col-

lapse problem [74], and are much more stable during training. On the other hand, the itera-

tive nature of the diffusion process leads to diffusion models being highly computationally

intensive, and thus slower to train and infer from, especially in 3D data.

2.1.2 Training Neural Networks

Here, we cover the essential ingredients for training a segmentation model in a supervised

training setting, where images are provided with their respective pixel/voxel-wise labels.

A well-trained neural network will have minimal error when outputting a prediction for a

task. This process involves selecting a loss function to calculate the error between the model

prediction and the ground truth, and an optimizer to adjust network parameters according

to the loss calculated. The problem can be posed as

θ∗ = arg min
θ

E(x,y)L[y, f (x, θ)], (2.5)

where θ∗ are the optimal parameters of the network, L is the selected loss function, y is

the ground truth label, function f () is the neural network, x is the input image which we

want to predict from, and θ are the parameters of the network.

Here, we first introduce loss functions and optimizers, followed by the backpropagation

algorithm.

2.1.2.1 Loss functions

The objective of training a machine learning model is to find the values of the network pa-

rameters which minimise the loss function. Loss functions quantify the difference between

the predicted outputs of the neural network and their true values. Commonly used loss

functions for image analysis include mean squared error (MSE) loss, cross-entropy loss, Dice

loss, and weighted cross-entropy loss. The MSE loss, typically used for regression tasks, is

defined as

LMSE =
1
N

N

∑
n=1

(yn − ŷn)
2, (2.6)

where N is the total number of samples in the dataset, yn is the vector of target values, and

ŷn is the vector of predicted values. One of the most common losses for classification and
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segmentation tasks is the cross-entropy loss, which is calculated using each pixels’ probabil-

ity of it belonging in given class. The cross-entropy loss for multi-class classification is given

by

LCE = −
1
N

N

∑
n=1

C

∑
c=1

yn,c · log(pn,c), (2.7)

where C is the total number of classes, yn,c is the ground truth one-hot segmentation map,

and pn,c is the predicted probabilistic output from the network for image n for each class c.

A one-hot segmentation map is a pixel-wise representation where each pixel is encoded as

a binary value with a single "1" indicating its class and "0"s elsewhere.

A frequent issue in biomedical image segmentation tasks is the class imbalance problem.

Image patches which are used for training neural networks do not have the same ratio of

healthy to unhealthy tissue. Often times, the unhealthy tissue represents a small percentage

of pixels/voxels in the patch. This imbalance biases the network towards more seen classes,

leading them to perform poorly on the lesser seen unhealthy tissue class. A go-to loss in

medical imaging and segmentation tasks which alleviates this problem to some extent is

the Dice loss [27], which is derived from the Dice Similarity Coefficient (see Equation 2.16).

The Dice loss measures the overlap between predicted and ground truth segmentations.

There are two variants of Dice loss [92], one which employs squared terms in the denomi-

nator [131], expressed as:

LDice = 1−
1
N

N

∑
n=1

2 ∑
C
c=1 yn,c · ŷn,c

∑
C
c=1 yn,c + ∑

C
c=1 ŷn,c

. (2.8)

and a variant which doesn’t [58]. Similarly to LCE, soft-Dice loss operates on predicted

probabilities rather than binary predictions, and can show higher sensitivity for segmenting

smaller structures [75]. It is characterised as:

Lsoft-Dice = 1−
1
N

N

∑
n=1

2 ∑
C
c=1 yn,c · pn,c

∑
C
c=1 yn,c + ∑

C
c=1 pn,c

. (2.9)

Several other losses have been proposed as a solution to the class-imbalance problem, such

as the weighted cross-entropy loss, weighted soft-Dice loss, and focal loss [166]. These losses

assign different weights to different classes to help the model focus more on minority classes.
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The weighted soft-Dice, and weighted cross-entropy losses are formulated as

Lweighted soft-Dice = 1−
1
N

N

∑
n=1

2 ∑
C
c=1 wc · yn,c · pn,c

∑
C
c=1 wc · (yn,c + pn,c)

, (2.10)

Lweighted-CE = −
1
N

N

∑
n=1

C

∑
c=1

wc · yn,c · log(pn,c), (2.11)

LFocal = −
1
N

N

∑
n=1

C

∑
c=1

wc · (1− pn,c)
γ · yn,c · log(pn,c), (2.12)

where wc is the weight for class c, and γ is a focusing parameter which controls the strength

of focusing on hard-to-classify examples (a higher γ value increases the focus on less preva-

lent classes). Similarly, the weight, wc, is set higher for a less prevalent class than more seen

classes, allowing them to have a greater influence on the loss calculation.

2.1.2.2 Optimization of Parameters

A good neural network model should have little to no error when inferring for a task. How

you go about reducing the error in a model is a crucial consideration, and is where choos-

ing the right optimizer comes into play. Optimizers adjust the models weights and biases

to minimise the loss function, thereby improving the networks performance. As opposed

to classical optimization problems, neural networks cannot optimize the full loss computed

over the full dataset due to memory constraints, which is why stochastic approaches that

compute gradients using only a subset of data points are often used [150]. Various opti-

mization algorithms exist, each with unique mechanisms and advantages. For instance,

stochastic gradient descent (SGD) updates parameters using the gradient of the loss func-

tion with respect to each parameter,

θt+1 = θt − η
∂L

∂θt
, (2.13)

where θt is the parameter at step t, η is the learning rate, a value that defines the size of the

update, and ∂L
∂θt

is the gradient of the loss function L with respect to the parameter θ at step

t.

However, SGD can be slow to converge and sensitive to the choice of learning rate. Many
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adaptive and faster converging optimizers have been proposed [162]. One widely used op-

timizer is Adaptive Moment Estimation (Adam), which adjusts learning rates dynamically

based on bias-corrected first and second moments of the gradients, leading to faster conver-

gence and better performance on complex tasks [105].

2.1.2.3 Backpropagation

Backpropagation is a gradient estimation algorithm fundamental to the training process of

neural networks. The process of iteratively updating network parameters using loss func-

tions and optimizers is termed backpropagation. The process involves calculating the gra-

dient of the loss function with respect to each parameter in the network, and updating the

parameters to reduce the error. The key steps of the backpropagation algorithm can be sum-

marised as follows:

1. Forward Pass and Evaluation: Input data, x, is passed through the network, layer by

layer, until the output, f (x, θ), is generated. The output is compared to the ground

truth to compute the loss, L[y, f (x, θ)], using a predefined loss function, as in 2.1.2.1.

2. Backward Pass (Backpropagation): Propagate the error back through the network,

layer by layer. Compute the gradient of the loss, δL
δθt

, one layer at a time and iterate

backward from the last layer. This process avoids redundant calculations of interme-

diate terms in the chain rule, significantly improving computational efficiency.

3. Parameter Update: Update each parameter using an optimizer, e.g.,

SGD: θt+1 ← θt − η ∂ L
∂θt

The backpropagation algorithm is computed and updated for each sample in the dataset.

After each sample has been passed, the process is repeated until a certain number of itera-

tions, epochs, or until the loss is not decreasing. However, performing backpropagation can

be computationally expensive and time consuming when working with large datasets and

deep networks with millions of parameters. To overcome this, it is common to select opti-

mizers which sample data from the dataset to update the parameters, such as batch gradient

descent and mini-batch gradient descent [150].
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FIGURE 2.9: Illustration of underfitting, optimal fitting, overfitting, and their relationship

to training and generalisation loss. (a) Decision boundary drawn in black. Underfitting
may incorrectly classify samples. Overfitting results in a decision boundry that matches the
training samples too closely. Optimal fitting shows the best trade-off, fitting the data well
with an optimal complexity. (b) Graphical relation between the three fittings and training
and generalisation loss. Low model complexities underfit the data and result in high training
and generalisation losses. High model complexities overfit on data with low training loss
but high generalisation loss. Optimal model complexity is found when generalisation loss is

minimal.

2.1.3 Limitations of Neural Networks in Image Segmentation

Deep learning methods have immensely improved natural and medical image segmenta-

tion through more accurate and automated processes, leading to faster diagnostics. Many

improvements have been made since the first deployment of these models, however, many

challenges still remain. Here, we cover some of the limitations of neural networks.

2.1.3.1 Requirement of Large-scale Labelled Datasets

Neural networks need data to train models. The more data a neural network can expose

itself to, the more diversity and variety it can capture and learn from. However, just as

importantly, selecting the right degree of model complexity is crucial for representing the

underlying distribution of the data correctly. An imbalanced relationship between the data

and the model complexity can result underfitting or overfitting of the data, illustrated in

Figure 2.9.

Underfitting occurs when a model fails to capture the underlying structure of a dataset

due to using a limited model. In such cases, more complex models are required. Overfitting

can occur when a model learns from the data too well. This can happen due to too complex



2.1. Fundamentals of Deep Learning 27

of a model being used, where the model can essentially memorise the training data samples

and not adapt to unseen data, resulting in high generalisation loss. Alternatively, overfitting

can also happen due to too small of a training dataset being used, with the model, again,

fitting too well to the training dataset which has limited diversity. The optimal point for a

machine learning model is one that generalises well for unseen data, which lies somewhere

between underfitting and overfitting.

In medical imaging applications, the scarcity of data often leads to poor generalisation

of the model, inadequate performance of unseen data points, and can overfit on the small,

available training data. The top performing natural image segmentation models train us-

ing millions, sometimes billions, of labelled data [34, 106, 141]. In contrast, labelled medical

imaging datasets can be formed of only thousands of images, or even hundreds, depending

on the organ and disease [20, 44, 108]. This is due to a multitude of reasons. The process

of taking a picture of a car takes seconds and costs nothing, whereas taking a brain MRI

scan, for example, can take up to an hour, accompanied with hundreds in medical bills. As

importantly, medical images can be in three or four dimensions (temporal scans), which re-

quire slice-by-slice annotations or interactive/semi-automated segmentation methods [184],

which substantially increase time for accurate delineations. Not to mention that those an-

notations need to be made by time-limited expert professionals. This reality often leads to

medical image segmentation models not generalising well to unseen data. While overfitting

is a major problem for instances where a large dataset is not available, modern deep learning

is almost immune to overfitting owing to the contributions covered in 2.1.4.

2.1.3.2 Sensitivity to Small Changes

State-of-the-art deep neural networks can exhibit surprising brittleness when faced with

nearly imperceptible changes to the human eye. These networks are not only sensitive to

the noise in the input images, but also to geometric alterations such as translations (except

for convolution-based networks) and rotations of the images. This means that even minute

changes in the input can affect final decisions. This sensitivity raises significant concerns

about the safety of AI, particularly in safety-critical applications like medical diagnosis.

There are many factors which may influence these small changes in medical imaging. For
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example, there are a plethora of parameters to take into consideration when taking a medi-

cal scan using magnetic resonance imaging. The strength of an MRI machine, whether it is

1.5, 3, 5, or 7 Tesla, profoundly alters the resolution and detail of the produced image. Fur-

thermore, the lack of consensus on tuning machine parameters for specific diseases [62, 153]

results in subtle variations in noise and intensity between identical machines across different

hospitals. Hence, deep learning models which are trained using images from specific hos-

pitals or machines exhibit poor generalisability and performance when deployed on images

acquired from different sites.

2.1.3.3 Privacy Considerations

Large and diverse datasets are needed for training robust and well-performing machine

learning models. In the medical domain, this is often accomplished through voluntary data

sharing by data owners and the accumulation of datasets across multiple institutions and

countries. The time consuming processes of data anonymisation and removal of person-

ally identifiable information have proven insufficient protection against re-identification at-

tacks [61]. Coupled with the varying medical data protection laws across countries present

a difficult hurdle for curating large medical datasets. As a response, privacy-preserving

methods, such as federated learning [115], are becoming more popular field of research.

2.1.3.4 Computational and Resource Constraints

Training deep learning models on medical images, especially 3D or 4D scans, requires sub-

stantial computational power. State-of-the-art models are trained using multiple GPUs, and

have long training times which can range from days to weeks [177]. Rising GPU prices

and large dataset sizes make training robust machine learning models a difficult task for

independent researches, and often require financial support of institutions.

2.1.4 Overcoming Limitations and Improving Performance

There have been substantial improvements in the robustness and performance of deep neu-

ral networks since their inception in imaging tasks. Here, we cover some of the most widely

used methods for training and deploying well-generalisable deep neural networks for image

segmentation.
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2.1.4.1 Regularisation Techniques

The goal of regularisation is to reduce the complexity of machine learning models, encour-

aging them to learn simpler functions that generalise better to unseen data. Regularisation

prevents overfitting on training data, and can be achieved by dropout, or weight regularisa-

tion.

2.1.4.1.1 Dropout

Dropout [159] involves randomly omitting, or "dropping out", certain neurons in the neural

network during training. A visual example is seen in Figure 2.10. Dropout discourages

co-adaptations of feature detectors, where a detector can be useful only when combined

with other specific feature detectors. This technique incentivizes the network to learn sparse

representations and prevents overfitting. The most common dropout rate used is 50%, such

that half of the neurons are not being utilised at any given training iteration.

dropout
×

×

×

×

×

×

×

FIGURE 2.10: Implementation of dropout for regulatisation in a multilayer perceptron

network. After dropout, the red neurons are not utilised in a given training iteration. In this
example, 50% of the neurons are omitted.

2.1.4.1.2 Weight Regularisation

Large network weights can lead to unstable networks where small changes in the input can

cause large changes in output. Weight regularisation helps keep weights small or zero for

less relevant inputs. This helps prevent overfitting of the data and improves the generalis-

ability of the model. Two of the most common weight regularisation methods are L1 and L2

regularisation.
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• L1 regularisation, also known as Lasso regression (least absolute shrinkage and selec-

tion operator), penalises large weights by adding the absolute value of magnitude of

the coefficient as a penalty term to the loss function,

L = Error(y, ŷ) + λ ∑
i

|wi|, (2.14)

where λ is the regularisation parameter. L1 regularisation enforces a sparse model by

setting unimportant features’ weights to zero, effectively performing feature selection.

However, it can be unstable in the presence of highly correlated features.

• L2 regularisation, also known as ridge regression, penalises the sum of the squared

weights,

L = Error(y, ŷ) + λ ∑
i

w2
i . (2.15)

In contrast to L1 regularisation, L2 does not force unimportant feature weights to zero,

and distributes importance among features.

2.1.4.2 Data Splitting and K-Fold Cross-Validation

Correct data splitting is a simple yet crucial element in making sure your model generalises

well. There are three non-overlapping subsets that a dataset is split into: the training set,

the validation set, and the test set. The training set is the set that the model learns from

throughout training. During training, the model is evaluated on the validation set. The

error computed from the validation set, the validation error, serves as an estimate of the

error on unseen test data. The model with the lowest validation error is often selected as

the optimal model. Finally, the test set is the group of unseen images which the model is

ultimately evaluated on. Given a dataset of images, it is common to split it such that 75-80%

is used for training set, and the rest is used for the validation set. An illustation of k-fold

cross-validation is presented in Figure 2.11.

K-fold cross-validation allows for all of the images to be used for training, rather than

the 75-80% stated above. The dataset is split into k smaller sets (folds), k-1 of them are used

for training, and the remaining fold is used for validation. This is repeated k times such

that each fold is left out once for validation, resulting in k trained models. The performance
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Experiment 1

Experiment 2

Experiment 3

Experiment 4

Experiment 5

Total available data for model development

Training

Validating

FIGURE 2.11: Visualisation of k-fold cross-validation implementation. k=5 in this example.

metric obtained from k-fold cross-validation is then the average of the values across all k

models. It is common to use a k of 4 or 5.

2.1.4.3 Ensemble Learning

Ensemble learning [133] is a method of combining multiple trained models in order to im-

prove robustness and better predictive performance compared to using a single model. En-

semble learning can be achieved by combining trained models which use different dataset

splits, such as in k-fold cross-validation, using the same model with different hyperparame-

ter settings, utilising multi-head architectures, or even combining predictions from different

neural networks architectures all together.

2.1.4.4 Transfer Learning

Transfer learning [174] is a technique which allows knowledge obtained in one task to be

reused in another. This often achieved by utilising a pretrained model, and using its learned

weights as initialisation to finetune it to the desired task. Transferring information from

previously learned tasks to new tasks greatly increase learning efficiency.

2.1.4.5 Data Augmentation

Data augmentation is a strategy for artificially increasing the variety in the training data.

This is achieved by applying transformations on the data such that they are different from

the original samples. Traditional data augmentation techniques can be separated into three:

spatial, colour, and noise. Spatial augmentations include flipping, rotating, scaling, crop-

ping, and elastic deformations of the image. Colour augmentations alter the the brightness,
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contrast, and gamma levels of an image. Finally, noise augmentations can be applied by

adding or multiplying the image with Gaussian, Rician, or salt and pepper noise.

These augmentation techniques originate from deep learning methods which were de-

signed for natural image segmentation. Lately, there is a growing interest in developing

augmentation methods tailored for medical image segmentation. For example, image re-

sampling augmentation increases image diversity by changing the resolution of the input

image, mimicking images with lower spatial resolution [93]. Similarly, for MR image aug-

mentation, bias field augmentation simulates the artefacts produced during the imaging

process [32]. On the other hand, disease-specific methods have been developed which in-

crease the variability of disease classes [195]. These efforts have been combined with recent

developments in generative methods to provide synthetic images and corresponding labels,

considerably increasing training data diversity [37, 67].

2.1.4.6 Domain Adaptation

Domain adaptation addresses the critical challenge of applying machine learning models

trained on one dataset (source domain) to another dataset with different characteristics (tar-

get domain). In the context of brain lesion segmentation, this is highly relevant due to the

inherent variability observed across different imaging modalities (e.g., MRI, CT), scanners,

acquisition protocols, and patient populations. Traditional deep learning models often ex-

hibit suboptimal performance when confronted with such variations, as they tend to overfit

to the specific characteristics of the training data. Domain adaptation techniques aim to

mitigate this issue by learning domain-invariant representations or by adapting the model

parameters to better suit the target domain. This can be achieved through various ap-

proaches, including adversarial domain adaptation, domain confusion, and self-supervised

learning [76, 172].

Domain adaptation techniques offer promising solutions to mitigate the impact of do-

main shifts in brain lesion segmentation. Adversarial domain adaptation, as demonstrated

by Tzeng et al., has shown significant potential by training a discriminator to distinguish

between source and target domain data while simultaneously training the segmentation

model to fool the discriminator [168]. This encourages the model to learn domain-invariant

features that are relevant for both source and target domains. On the other hand, domain
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confusion aims to minimize the discrepancy between the feature distributions of the source

and target domains [169]. Self-supervised learning, as explored in Liu et al., leverages unla-

beled data from the target domain to learn domain-invariant representations [121].

2.2 Applications of Deep Learning to Lesion Segmentation

in Brain MRI

Here, we provide a literature review of important developments and applications of deep

learning in brain lesion segmentation. We focus our review on brain MRI, one of the most

commonly used imaging modalities for detailed visualisation of brain substructures and ab-

normalities. MRI machines use powerful magnets to create a strong magnetic field, aligning

protons in the body with this field. A radiofrequency pulse then stimulates the protons,

causing them to spin out of equilibrium. When the pulse stops, MRI sensors detect the en-

ergy released as the protons realign with the magnetic field. The MRI machine can then

differentiate various tissues depending on how quickly they release energy after the pulse

is turned off. In comparison to brain computed tomography (CT), MRI provides much su-

perior resolution of anatomical structures, allowing for improved delineation of organ sub-

structures and abnormalities. In the following sections, we specifically cover the application

of deep learning for segmenting abnormalities in brain MRI.

2.2.1 Fully Convolutional Networks

Fully convolutional networks (FCNs) are the most widely used deep learning method for

medical image segmentation. It gained traction in medical image segmentation in 2015,

after the introduction of a 2D fully convolutional network, U-Net [148], aptly named after

the models "U" shape, represented in Figure 2.4. Since 2015, the U-Net architecture has

been improved and adapted to various tasks, including classification, reconstruction, image

synthesis and more [158].

The initial U-Net framework was refined in many ways. One year after its inception,

the 3D U-Net was developed, which was more capable of capturing the spatial context of

volumes in medical images, and introduced on-the-fly elastic deformations for data aug-

mentation [41]. Milletari et al. introduced the V-Net for 3D medical image segmentation,
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proposing residual connections to help alleviate the vanishing gradient problem [131]. Ok-

tay et al. investigated the use of attention gates which learn to focus on particular structures

in medical images [140].

FIGURE 2.12: The automated method configuration of nnU-Net for biomedical image seg-

mentation. Given a segmentation task, the framework extracts dataset properties (pink),
termed ’dataset fingerprint’, and operates rule-based parameters (green) with respect to the
dataset fingerprint. This is complemented with fixed, predefined parameters (blue). nnU-
Net can train in 3 network configurations with five-fold cross-validation. Finally, the frame-
work can empirally select the optimal ensemble of the trained models for inference and de-

termines whether post-processing is required (yellow). Image source [92].

Currently, one of the most popular and adopted networks for medical image segmenta-

tion is the nnU-Net (no-new-net) framework [92], visualised in Figure 2.12. As the authors

express, nnU-Net takes "away the superfluous bells and whistles" of recently proposed net-

work designs, and focuses on optimizing the steps of preprocessing, training, inference, and

post-processing in accordance to image geometry and GPU resources. Its ease of use, 2D,

3D, and 3D Cascade network configurations, and impressive dataset-agnostic performance

has led it to become a basis framework and solid benchmarking method.

2.2.2 Usage of Transformers

It took less than a year for the transformer encoders in Dosovitskiy et al.’s An Image is Worth

16x16 Words: Transformers for Image Recognition at Scale paper [57] to be widely featured in
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FIGURE 2.13: The TransBTS framework. TranBTS features transformer layers and convolu-
tional layers in the encoder, followed by deconvolutional layers to upsample the image and
produce a 3D segmentation. The transformer layers are composed of normalisation func-

tions, multi-headed attention, and feed forward networks (FFN). Image source [173].

medical image segmentation applications. The self-attention mechanisms in transformer en-

coders became a common module in segmentation frameworks, allowing models to weigh

the importance between different regions of the image. This ability to focus on the most rel-

evant regions enhances the segmentation of small, critical features found in medical images,

such as tumors, lesions, or other pathological structures. Furthermore, the ability to capture

long-range dependencies and global context in transformer networks provide a possible so-

lution to the limited receptive field problem of CNNs and FCNs.

Transformers encoders became particularly effective in medical image segmentation net-

works when they were incorporated in U-Net architectures featuring convolutions. The

hybrid approach took advantage of both the local feature extraction strength of CNNs and

the global context modelling mechanisms of transformers. Hatamizadeh et al. proposed

UNETR (U-NEt TRansformers), a U-Net framework consisting of a stack of transformers as

the encoder, and a FCN-based decoder with skip connections [82]. On the other hand, the

2D TransUNet and 3D TransBTS models proposed combining convolutional layers with self-

attention mechanisms in the encoder, thus embedding global self-attention [33, 173]. The 3D

TransBTS model is visualised in Figure 2.13. Isensee et al., however, have shown that at

controlled validation settings transformer networks do not outperform CNN networks [94].
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FIGURE 2.14: Illustration of the CycleGAN model. (a) The model proposes two mapping
functions, G : X → Y and F : Y ← X, and two discriminators DX and DY for domains X
and Y (for example MRI and CT), respectively. DY drives the mapping function G to generate
indistinguishable samples from X, while DX pushes F to generate outputs resembling X from
domain Y. The CycleGAN framework is able to iteratively improve translating between
two image domains. Two cycle-consistency losses are proposed based on the notion that
mapping from one domain to another and back should return the original input. (b) forward
cycle-consistency loss: x → G(x) → F(G(x) ≈ x (c) backward cycle-consistency loss: y →

F(y)→ G(F(y) ≈ y. Image source [197].

2.2.3 Usage of Generative Methods

GANs, and more recently diffusion models, have influenced the field of medical image seg-

mentation in a multitude of domains. One frequent application has provided a possible

solution to the data scarcity and high annotation cost problem in medical image segmenta-

tion. By synthesising medical images from noisy inputs, GANs and diffusion models can

drastically increase training dataset size, and improve model generalisability and perfor-

mance [14, 23, 98].

An alternative approach to improving data diversity and model robustness has been

through implementing domain adaptation techniques. Frameworks such as Cycle-

GAN [197], see Figure 2.14, enable image translation from one modality to another (e.g.,

from MRI to CT), which provides opportunity for expanding dataset sizes.

Another application of generative methods is improving image quality. This can be

acheived by denoising (noise reduction) and/or super-resolution (improving resolution).

Medical images, such as those acquired from MRI, can be significantly impacted by noise.

Denoising and, thus, improving the clarity of obtained images aid in precise diagnoses. On

the other hand, Super-resolution GANs (SRGANs) [113] or denoising diffusion probabilistic

models (DDPMs) [87] can improve the resolution and quality of images, making it easier for

segmentation models to delineate boundaries accurately. Recently, diffusion models have
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been introduced for anomaly detection, proving useful in detecting abnormalities such as

tumors or lesion in brain scans, see Figure 2.15. However, the majority of generative ap-

proaches operate on 2D images rather than 3D due to high computational requirements,

making it an obstacle for adoption in 3D medical imaging.

FIGURE 2.15: Example use of a diffusion model for anomaly detection in brain scans. A
denoising diffusion implicit model with classifier guidance [55] is used to translate a diseased
image into a healthy one while preserving overall structure. An anomaly map is produced

by subtracting the generated image from the original. Image source [176].

2.2.4 Incorporating Spatial and Temporal Context

The deep learning methods mentioned above have been adapted to medical image segmen-

tation from tasks for natural images, such as animal or car segmentation, where 2D models

are implemented. The drawback of using such 2D models for medical image segmentation,

where a 3D MRI or CT scan would be segmented slice by slice, is the inability to capture

anatomical inter-slice dependencies. It is crucial to accurately segment 3D volumes in med-

ical imaging, as it not only provides volumetric information, but also insight on disease

development and progression. Adopting a 3D or 2.5D network for improved spatial consis-

tency in medical image segmentation is now a routine implementation. While 3D networks

process entire volumetric data to leverage spatial context across all dimensions, a 2.5D net-

work processes multiple adjacent 2D slices to balance spatial context and computational

efficiency.

Diseases are not static. The longitudinal nature of healthcare necessitates periodic scan-

ning and monitoring of patients. In multiple sclerosis, for example, increase of brain lesion

volumes and prevalence of newly forming lesions are important biomarkers for disease pro-

gression, and are crucial to accurately detect with respect to previous scans [89]. However,

methods for detecting growing, shrinking, new and vanishing lesions are not unified and

require separately trained models. There is a relative dearth of work focusing on temporal
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segmentation of medical images. Many analyses constitute of basic arithmetical operations,

such as thresholding and subtracting the intensity images from consecutive time points for

segmenting new or disappearing white matter lesions [17, 64, 71].

2.2.5 Integrating Anatomical Constraints

Many segmentation methods are trained using pixel-wise loss functions, such as cross-

entropy or Dice loss. Pixel-wise loss functions optimize performance by operating on indi-

vidual pixels, by comparing predicted values of pixels with their respective ground truths.

While this sounds sufficient for a well working framework, in practice, implementing these

functions stand-alone may not capture underlying anatomical structures, and lead to in-

correct segmentations. For this reason, it can be sensible to incorporate constraints into

the model for anatomical plausibility in order reduce false positive and false negative seg-

mentations. These constraints can be represented in the model as regularisers in the loss

functions [139], priors which provide probabilistic information [35], or as topological func-

tions [42].

For example, Oktay et al. proposes an Anatomically Constrainted Neural Network

(ACNN) for cardiac image segmentation [139]. The ACNN features both the cross-entropy

loss and a shape regularisation loss as the training objective function, where the latter en-

courages the model to follow global anatomical properties of the heart. Another method of

decreasing false positive segmentations is to ensure that those segmentations are in realistic

locations. For example, Dalca et al. proposes a variational auto-encoder with a location-

specific probabilistic prior layer enabling accurate brain substructure segmentation [51].

2.2.6 Deep Learning for Multiple Sclerosis Brain Lesions

There have been numerous contributions to machine learning methods specifically for MS

lesion segmentation. Many methods were developed following the 2015 ISBI Longitudinal

Multiple Sclerosis Lesion Segmentation Challenge [28]. Valverde et al. employed a cas-

cade of two 3D patch-wise CNNs, where the first CNN proposed candidate lesion voxels

and the second one reduced falsely classified voxels [170]. Birenbaum et al. developed a

multi-view longitudinal CNN and utilised priors about lesion intensities and spatial distri-

bution to extract candidate lesions [22]. Similar to Valverde et al., Birenbaum et al. also used
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3D patches for model training. Contrary to patch-based training, Aslani et al. proposed a

multi-branch CNN which takes whole slices of the brain as input. Three 2D ResNets were

separately trained for the axial, sagittal, and coronal planes, the outputs of which were fused

to generate a final 3D segmentation [7]. Zhang et al. developed a fully convolutional densely

connected network (Tiramisu) using a 2.5-dimensional input where slices were stacked from

three anatomical planes, providing both global and local context in segmentation [192].

MS lesions can significantly disrupt brain anatomy, hindering accurate brain atlas regis-

tration and subsequent substructure analysis. To address this, numerous lesion inpainting

techniques have been proposed, aiming to reconstruct the underlying brain tissue which le-

sions occupy. By "filling in" the missing anatomical information, inpainting facilitates more

accurate brain atlas registration, improving the alignment of individual MS brains with a

standardised template, and enabling more precise delineation of brain substructures for un-

derstanding functional impairments in MS. Many inpainting techniques for this application

use classical methods, such as non-local means inpainting [78] and fast marching [154]. With

the improvements in deep learning, inpainting techniques which employ encoder-decoder

structures [189] and inpainting-specific loss functions [164] have also been developed.

2.2.7 Data Augmentation

Data augmentation can be classified into four categories: affine transformations, elastic

transformations, intensity alterations, and incorporation of synthetic data. Examples of the

first three categories are described in 2.1.4.5. Synthetic data augmentation methods utilise

either non-generative models, often image mixing-techniques, or generative models which

often employ GANs or diffusion models.

2.2.7.1 Non-Generative Data Augmentation

The traditional data augmentation (TDA) techniques which are widely used for training

medical image segmentation models [92] do not dramatically change the lesion properties,

such as the shape and location of lesions with respect to the surrounding tissue. MixUp [190]

and related methods such as MixMatch [19] and CutMix [183] designed specific operations

on two or more images to generate new samples. Zhang et al. proposed CarveMix, derived

from CutMix [183], which uses a lesion-aware Mix-based technique to carve lesion regions
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from one image and insert them into another image [195]. Zhu et al. developed another

Mix-based data augmentation method, SelfMix, which performs augmentation by mixing

tumours with non-tumour regions [143]. Zhang et al. presented ObjectAug, an object-level

augmentation method for semantic image segmentation [193]. These methods directly em-

ploy foreground masks from other subjects to compose an augmented image with already

present lesion shapes and characteristics, and provide valuable insights for lesion-level data

augmentation. However, they directly mix original lesion masks for augmentation without

augmenting individual lesion volumes, with no attention to location of the augmentation,

or the lesion load of augmented images.

2.2.7.2 Generative Data Augmentation

Generative methods have received a lot of attention recently for providing an alternative

way for data augmentation by performing abnormality synthesis [24, 161]. Salem et al.

uses an encoder-decoder U-Net structure to fuse lesion masks acquired from MS patients

to healthy subjects [152]. Bissoto et al., Jin et al., and Li et al. utilise generative adversar-

ial networks (GANs) to synthesise new image samples [23, 98, 117]. Yet, [23] and [117] use

semantic maps from pathological subjects to generate images, which lead to augmented im-

ages which have identical foreground shapes and labels to the samples that they are drawn

from. Jin et al. uses a user-specified tumour mask to generate synthetic tumours on healthy

scans. These methods do not generate diverse data samples with high foreground variance

(lesion/tumour masks) which differ from already present samples in the training dataset.

Reinhold et al. employs a casual model using variational autoencoders to generate lesions

with predefined lesion load [146]. As for subject-specific pathological to healthy image syn-

thesis, known as pseudo-healthy synthesis, Xia et al. uses a framework that consists of a

generator, a segmentor and a reconstructor, along with a mask discriminator which dis-

tinguishes segmented masks from pathology masks [179]. Lin et al. proposes InsMix, a

data augmentation method for nuclei segmentation, by employing a Copy-Paste-Smooth

principle with a smooth-GAN for achieving contextual smoothness [119]. While generative

augmentation methods have potential for diverse abnormality generation, they are often

disease-specific and are not easily extended to different applications and datasets.
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2.3 Evaluation Metrics

Here, we cover two main evaluation metrics for assessing model performance for brain

lesion segmentation. One common method is measuring the overlap between the obtained

segmentation from the model with the ground truth, which can be quantified using the Dice

similarity coefficient, formulated as

Dice = 2
| A ∩ G |

| A | + | G |
, (2.16)

where A represents the automated segmentation and G represents the ground truth seg-

mentation. The ideal Dice score is 1, and the worst possible score is 0. Alternatively, lesion

segmentation performance can be evaluated by quantifying lesion detection rate. The per-

formance of lesion detection is assessed using the lesion-wise F1 score, which quantifies the

accuracy of lesion detection irrespective of the precision of their boundaries. The F1 score is

calculated as

F1 = 2
SL · PL

SL + PL
, (2.17)

where SL represents the sensitivity of lesion detection (true positive rate or recall) and PL

represents the precision of positive predictive value. Similarly, the ideal F1 score is 1, with

the worst possible score being 0.

2.4 Conclusion

In this chapter, we have introduced the foundational elements of deep neural networks. We

provided insight into the different methods, along with their building blocks and imple-

mentation details. We discussed the limitations of these methods and common means of

overcoming them. We then provided a brief review on applied deep learning in medical

image segmentation, focusing on brain MRI and lesion segmentation. The following chap-

ters will focus on our recent works which tackle challenges in utilisation of longitudinal

data, overcoming limited data scenarios, and incorporation of heterogeneous data for brain

lesion segmentation.





43

Chapter 3

Learning from Longitudinal Data

This chapter contains material from:

1. Basaran, B.D., Matthews, P.M. and Bai, W., 2021. MSSEG-2 Challenge, Team

New Brain: Cascaded networks for new MS lesion detection. MSSEG-2 chal-

lenge proceedings: Multiple sclerosis new lesions segmentation challenge using

a data management and processing infrastructure, p.77.

2. Basaran, B.D., Matthews, P.M. and Bai, W., 2022. New lesion segmentation for

multiple sclerosis brain images with imaging and lesion-aware augmentation.

Frontiers in neuroscience, 16, p.1007453.

3.1 Introduction

Multiple sclerosis (MS) is an inflammatory and demyelinating neurological disease of the

central nervous system. Image-based biomarkers, such as lesions defined on magnetic res-

onance imaging (MRI), play an important role in MS diagnosis and patient monitoring. The

detection of newly formed lesions provides crucial information for assessing disease pro-

gression and treatment outcome. Here, we propose a deep learning-based pipeline for new

MS lesion detection and segmentation, which is built upon the nnU-Net framework. In

addition to conventional data augmentation, we employ imaging and lesion-aware data

augmentation methods, axial subsampling and CarveMix, to generate diverse samples and

improve segmentation performance. The proposed pipeline is evaluated on the MICCAI

2021 MS new lesion segmentation challenge (MSSEG-2) dataset. It achieves an average Dice

score of 0.510 and F1 score of 0.552 on cases with new lesions, and an average false positive
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lesion number nFP of 0.036 and false positive lesion volume VFP of 0.192 mm3 on cases with

no new lesions. Our method outperforms other participating methods in the challenge and

several state-of-the-art network architectures.

3.1.1 Contributions

Formation of new lesions is an important biomarker for the analysis of multiple sclerosis

disease progression [89]. Unfortunately, majority of efforts are focused on segmentation of

cross-sectional images, providing annotations of all lesions. We have three contributions in

this work: (1) We present an end-to-end pipeline for segmenting the overlooked and clini-

cally relevant formation of new lesions in follow-up brain MRI scans. (2) We improve per-

formance by incorporating both imaging and lesion specific data augmentation techniques

on top of conventional ones. (3) We provide an in-depth analysis of sources of failure and

present an alternative metric for evaluating newly formed lesions.

3.2 Methods

Here, we present our proposed method for new lesion segmentation. We first provide an

overview of our pipeline and data preprocessing steps, the details of the network architec-

ture and hyperparameters, and explain our applications of imaging and lesion-aware data

augmentation.

3.2.1 Proposed Pipeline

The proposed pipeline consists of a brain image preprocessing step, followed by nnU-

Net [92] for lesion segmentation, which is trained with imaging and lesion-aware data aug-

mentation. An overview of the pipeline is presented in Figure 3.1.

3.2.1.1 Preprocessing

Skull is stripped using an atlas-based brain extraction tool [56] followed by N4 bias field cor-

rection [167]. N4 bias correction reduces the low frequency intensity non-uniformity present

in MRI image data. In practice, N4 bias leads to tissues of the same class to have different

intensities. This is implemented using the MSSEG-2 longitudinal preprocessing script on
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FIGURE 3.1: The proposed 3D framework for multiple sclerosis new lesion detection and

segmentation. The framework comprises of brain extraction and N4 bias correction (Pre),
intra-subject registration (Reg), imaging and lesion-aware data augmentations (Aug+), and
nnU-Net. The pipeline takes input the baseline and follow-up FLAIR MRI scans, and outputs

the proposed binary segmentation for new lesions.

Anima1 provided by the challenge organisers. In addition, as the segmentation problem

concerns imaging scans taken at different time points, we also perform intra-subject image

registration so that scans of the same subject can be aligned and new lesions can be better

differentiated. Since new lesions are defined on the follow-up scan, we register the baseline

scan to the space of the follow-up scan. Affine image registration is performed, followed

by free-form deformation, implemented using the MIRTK toolbox [132] using normalised

mutual information as the loss function. Free-form deformation assists lesion segmentation

in two ways: (1) brain structures, such as gyri, ventricles etc., are better registered; (2) le-

sions which slightly grow between scans are elastically registered so that the subsequent

segmentation network can focus more on newly formed lesions.

3.2.1.2 Segmentation Network

We adopt nnU-Net [92] as the segmentation network, with a two-channel input: prepro-

cessed baseline scan and preprocessed follow-up scan. The output of the network is a bi-

nary 3D prediction of new lesions which have formed in the follow-up scan. The network

1Anima scripts: RRID:SCR_017072, https://anima.irisa.fr
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FIGURE 3.2: The proposed 3D U-Net architecture for segmenting new lesions. The net-
work contains six resolution levels formed from contracting and expanding paths, and skip
connections to recover fine-grain detail from the contracting path. The input to the network
is a pair of baseline image and follow-up image. The output is the prediction of the new

lesions.

consists of six resolution levels, formed from contracting and expanding paths. On the con-

tracting path, each resolution level consists of two convolutional layers, each with a 3× 3× 3

convolution kernel, followed by instance normalisation and LeakyReLU operation. At the

start of each resolution level, the first convolution has a stride of (2,2,2), which effectively

downsamples the feature map. At the lowest resolution level, the first convolution has a

stride of (2,1,2).

On the expanding path, each resolution level consists of two convolutional layers with

a 3× 3× 3 convolution kernel, followed by instance normalisation and LeakyReLU opera-

tions, followed by an additional transposed 2× 2× 2 convolution operation. The transposed

convolution has a stride of (2,1,2) at the lowest resolution level, and a stride of (2,2,2) at all

other resolution levels. By utilising skip connections, features extracted from the contracting

path are concatenated with features at the the expanding path at their respective resolution

level. The network uses 32-dimensional features maps at the highest resolution layer, which

is increased to 320 feature maps at the lowest resolution layer. Please refer to Figure 3.2 for

a graphical representation of the architecture.
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3.2.1.3 Hyperparameters and Implementation Details

We implement the 3D full-resolution U-Net model of nnU-Net, using the 3d_fullres con-

figuration, utilising PyTorch. A single NVidia Tesla T4 GPU with 16GB RAM is used. Due to

the GPU memory limit, 3D patches of size 128×112×160 are extracted from the original 3D

images for model training. Images are not resized so that resolution is not lost. Patches are

drawn randomly from the image with a 67% probability, which may or may not include the

foreground class (lesions), and are selected with a 33% probability to guarantee inclusion of

the lesion region [92]. The network is trained using a combination of Dice and cross-entropy

loss, formulated as

L = −
2
|C| ∑

c∈C

∑i∈I ŷi,cyi,c

∑i∈I ŷi,c + yi,c
−∑

i∈I
∑
c∈C

yi,c log ŷi,c (3.1)

where c denotes the class, C denotes the number of classes (C = 2 in our method), i denotes

a given voxel, I denotes the set of voxels over the image, ŷ is the softmax output of the seg-

mentation network, y is the one-hot encoding of the ground truth label for the new lesions,

and subscript i, c is the number of voxels in the training patch for class c.

We use the stochastic gradient descent optimizer with Nesterov momentum of 0.99, an

initial learning rate of 0.01, a polynomial learning rate decay and a batch size of 2 patches.

When developing the model on the training data, five-fold cross-validation is used. Each

model is trained for 1,000 epochs. After training, for each fold, we select the model which

produces the highest Dice score. For inference, we ensemble outputs from the five models

from each fold by averaging their softmax outputs. No post-processing step is applied.

3.2.1.4 Imaging and Lesion-aware Data Augmentation

Incorporation of data augmentation methods increases model generalisability and robust-

ness, and decreases overfitting. We utilise multiple data augmentation techniques, including

the default augmentations that nnU-Net provides in the batchgenerators data augmentation

framework [93]. These augmentations include mirroring, rotating, scaling, input channel
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translation, elastic deformations, linear downsampling, brightness and contrast augmenta-

tion, gamma augmentation, Gaussian and Rician noise augmentation, and random crop-

ping. Input channel translation simulates registration errors which may have occured dur-

ing the curation or preprocessing of the dataset. This is achieved by slightly shifting the

first or second input image in one of the three dimensions, making the model robust to such

errors.

In addition to these augmentations, inspired by [100, 101], we introduce axial subsam-

pling to simulate artifacts during the image acquisition process on the axial plane. Brain

MRI typically acquires a stack of 2D image slices in the axial plane to form a 3D volume,

which can be of a high resolution within the axial plane but subject to low resolution across

the plane [30]. We simulate this by applying axial subsampling augmentation by applying

a median filter of size [1× 1× n] where n ∈ 2, 3, 4 to the axial image slices. This effectively

blurs the image in the sagittal and coronal planes as a function of n. Figure 3.3(a) illustrates

an example of axial subsampling.

Finally, to increase the diversity of lesion images, a lesion-aware data augmentation

method, CarveMix [195], is used. CarveMix extracts a 3D region of interest (ROI) accord-

ing to the lesion location and shape from one subject and mixes it with the brain image of

another subject, thus creating augmented training samples. To increase diversity in aug-

mentation, the lesion-aware ROI is generated by thresholding the distance transform of the

lesion using a random threshold [195]. A synthetic image, X, and its label, Y, is generated by

X = Xi ⊙Mi + Xj ⊙ (1−Mi), (3.2)

Y = Yi ⊙Mi + Yj ⊙ (1−Mi), (3.3)

where {Xi, Yi} denotes one pair of image and label, {Xj, Yj} denotes a second pair of image

and label, Mi denotes the binary mask of the ROI, and ⊙ represents voxel-wise multiplica-

tion. We randomly select two subjects for CarveMix augmentation when training. Incor-

poration of CarveMix data augmentation increases the total volume which the lesion class

covers in an image, thus reducing the effect of class imbalance caused from the foreground

class making up a small percentage of the overall image. Figure 3.3(b) illustrates an example
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FIGURE 3.3: Imaging and lesion-aware data augmentations applied on the MSSEG-2 train-

ing set. (a) Example of axial subsampling (n = 4) to simulate the blurring in image acquisi-
tion. (b) Example of the CarveMix augmentation. Lesions from subject B are carved out and

fused onto scan from subject A. Contours delineate lesion labels.

of CarveMix augmentation. It is important to note that while CarveMix augmentation in-

creases the diversity of the dataset, it does not guarantee the generation of realistic images,

as ’mixed’ images may contain lesions crossing the white and gray matter, or even the ven-

tricles. However, recent works show that augmented images do not need to look realistic

for increase in model performance [73].

3.3 Experiments

3.3.1 Data

We evaluate the pipeline on the MICCAI 2021 MS new lesion segmentation challenge dataset

(MSSEG-2) [43], which provides 3D FLAIR images of 100 MS patients. The images were

acquired from 15 different scanners, six of them 1.5T and nine of them 3T, including three

GE scanners, six Philips scanners, and six Siemens scanners. Dataset scanner information

can be found at the MICCAI 2021 MSSEG-2 challenge demographics data [46]. The images

have varying image size and voxel spacing, which we resample to the median spacing of the

dataset, 0.977× 0.977× 0.530mm3, before model training. Each patient was scanned twice,
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with 1 to 3 years between the two time points, constituting for a total of 200 images. Only

new lesions at the second time point were annotated. Existing lesions, growing or shrinking

lesions were not delineated. Each patient was annotated by four neuroradiologist and one

consensus new lesion mask was provided. We use the consensus lesion masks as ground

truth for model training and evaluation.

The dataset has been partitioned into 40 training and 60 test subjects by the challenge

organisers. Of the 40 training subjects, 11 of them do not exhibit new lesions, which are

referred to as ªno-new lesion cases". We exclude these 11 no-new lesion cases from the

training set, utilising the remaining 29 cases for model training. Of the 60 test subjects, 28 of

them do not exhibit new lesions. We use all 60 subjects for testing.

3.3.2 Evaluation Metrics

The method is evaluated using the Anima analyser tool’s animaSegPerfAnalyzer2 function,

provided by the the MSSEG-2 challenge organisers in order to provide a fair comparison

with other participating methods. In line with the MSSEG-2 evaluation, we use the default

configuration of animaSegPerfAnalyzer, which excludes lesion volumes smaller than 3mm3.

The performance is evaluated separately for patients with new lesions and those with no-

new lesions on the test set. For the new lesion cases, we report new lesion detection and

segmentation performance, true positive lesion count, false positive lesion count, and false

negative lesion count; for the no-new lesion cases, we calculate the number of new lesions

detected (false positive lesions) and the volume of these false positive lesions.

3.3.2.1 Performance on New Lesion Cases

New lesion detection and new lesion segmentation performances are evaluated using the

F1 score and Dice similarity coefficients, respectively, described in 2.3. Using the Anima

software, a lesion is considered as being detected or true positive if the automatic detection

overlaps with at least 10% of the ground truth lesion volume and does not go outside by

more than 70% of the volume [44].

In addition to the metrics used in the MSSEG-2 challenge, we also present results for

average true positive lesion count, nTP, average false positive lesion count, nFP, and average

2Anima scripts: RRID:SCR_017072, https://anima.irisa.fr
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false negative lesion count, nFN. Average true positive lesion count evaluates the average

correctly detected lesions by the automated method. nFP evaluates the average incorrectly

detected lesions by the automated method. Finally, nFN evaluates the lesions not detected by

the automated method. These metrics are averaged over the 32 new lesion cases in the test

set. The consensus ground truth segmentation contains a total of 224 new lesions, therefore

the optimal average true positive lesion count, nTP, is 7 (224
32 ). The optimal score for nFP or

nFN is 0.

3.3.2.2 Performance on No-New Lesion Cases

For no-new lesion cases, the number and volume of falsely predicted lesions are evaluated.

To count the number of false positive lesions, the Anima tool, animaConnectedComponents 3

function is used with default parameters. The volume of false positive lesions is calculated

by multiplying the number of lesion voxels by voxel spacing. We denote number of false

positive lesions as nFP, and volume of false positive lesions as VFP. The optimal scores for

both false positive lesion number and volume are 0.

3.3.3 Results

3.3.3.1 Comparison against Participating Methods in the Challenge

The proposed pipeline is compared against MSSEG-2 participating methods and also four

expert raters [45], reported in Table 3.1. The performance of MSSEG-2 participating methods

and four expert raters is acquired from [45]. Table 3.1 shows that the proposed pipeline ranks

competitively against methods submitted to the MSSEG-2 challenge. For the new lesion

cases, it outperforms the other methods in terms of both the average DSC and the average

F1 scores. Also, our method outperforms three of the experts in nTP and nFN metrics. Our

method correctly identifies 24 of the 32 new lesion cases as having new lesions. We achieve

comparable performance to Experts 1, 2, 3 and 4, which correctly identify 26, 25, 27, and

22 of the 32 new lesion cases as having new lesions, respectively. A non-zero F1 score is

regarded as a method having correctly identified a new lesion case.

For the no-new lesion cases, the proposed pipeline achieves the lowest metrics for false

positive lesions, including the average number nFP and the average volume VFP. It correctly

3Anima scripts: RRID:SCR_017072, https://anima.irisa.fr
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identifies 27 out of 28 no-new lesion cases as subjects with no-new lesions. When comparing

to expert raters, on the new lesion cases, the proposed pipeline outperforms Expert 4 in

terms of DSC and F1 scores and approaches the performance of Expert 2. On the no-new

lesion cases, the proposed pipeline outperforms or achieves a comparable performance to

Experts 1, 2 and 4.

3.3.3.2 Sensitivity and Specificity Analysis

Figure 3.4 and Table 3.1 show that there is a reverse correlation between the results for new

lesion cases versus no-new lesions cases, especially in the participating methods for the

MSSEG-2 challenge. In Figure 3.4, we plot the average DSC and F1 scores against the average

nFP and VFP metrics. It shows that methods which perform well in new lesion cases do not

perform as well in no-new lesion cases. Contrary to other methods, the proposed pipeline

does not suffer from severe negative correlation, which performs well in both new lesion

and no-new lesion cases. This is visualised by our proposed method, depicted as a black

star in Figure 3.4, having both high DSC and F1 scores as well as low nFP and VFP metrics.
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FIGURE 3.4: Comparison of different methods in new lesion metrics (DSC and F1) vs no-

new lesion metrics (nFP and VFP). X-axis denotes one of the no-new lesion metrics in log-
arithmic scale and Y-axis denotes one of the new lesion metrics. Star denotes the proposed
pipeline. (a) Plot of average DSC vs average false positive lesion count nFP. (b) Plot of aver-
age DSC vs average false positive lesion volume VFP. (c) Plot of average F1 vs average false
positive lesion count nFP. (d) Plot of average F1 vs average false positive lesion volume VFP.
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TABLE 3.1: Comparison of the proposed method to the challenge participating methods in

DSC, F1 scores, the number of false positive lesions nFP and their volume VFP (unit: mm3),

averaged across cases. The methods are sorted in the descending order of DSC. Best results
are in bold. Asterisks indicate statistical significance (∗: p≤ 0.05, ∗∗: p ≤ 0.01, ∗∗∗: p ≤ 0.005)
when using a paired Student’s t-test compared to the proposed method. We implement the
Mann-Whitney U test for nTP, nFP, and nFN metrics due to their non-normal distribution.
The dagger symbols indicate statistical significance (²: p≤ 0.05, ²²: p ≤ 0.01, ²²²: p ≤ 0.005)

when using a Mann-Whitney U test compared to the proposed method.

New lesion cases No-new lesion cases
(n = 32) (n = 28)

Method DSC F1 nTP nFP nFN nFP VFP

Expert 1 0.629 0.709 6.063 1.281 1.094 0.036 1.453
Expert 3 0.597 0.637 4.500 0.844 2.375 0.000 0.000
Expert 2 0.535 0.601 4.313 1.094 2.500 0.107 3.981
Expert 4 0.459 0.519 4.469 0.594 2.375 0.036 0.623

Proposed 0.510 0.552 4.969 2.031 2.281 0.036 0.192

MedICL 0.507 0.500 5.344 5.063²² 1.875 0.536²²² 12.713
LaBRI-IQDA 0.500 0.515 5.563 6.094²² 1.656 1.143²² 38.486∗

SNAC 0.485 0.514 5.219 3.689² 2.031 0.321 5.726
LaBRI-D&E 0.472 0.496 5.500 9.156²²² 1.750 1.964²² 177.131
NVAUTO 0.469 0.464∗ 5.344 12.000²²² 1.906 3.286²²² 68.211∗

LaBRI-Iw 0.453∗ 0.463∗ 5.000 6.719²² 2.250 0.857² 27.761∗

New Brain 0.451∗∗∗ 0.476∗∗∗ 4.032 2.903 3.355 0.786² 12.371
ITU 0.443 0.480 4.688 3.094 2.438 0.148 1.487
Mediaire-B 0.437∗∗ 0.541 5.688 4.469²² 1.500 0.536²²² 29.235∗

Mediaire-A 0.432∗∗∗ 0.524 5.156 3.500 2.031 0.429² 15.908∗

Empenn 0.424∗ 0.532 4.178 2.719 3.031 0.286²² 4.258∗

McEwan-IM 0.423∗∗∗ 0.453∗ 5.469 8.531²²² 1.781 0.857² 16.504
PVG 0.414∗∗∗ 0.449∗ 4.032 2.903 3.355 0.107 1.031
Neuropoly-1 0.411∗∗∗ 0.425∗∗∗ 3.625 2.813 3.563 0.286² 8.615
IAMLAB 0.411∗∗∗ 0.412∗∗∗ 5.094 6.844²²² 2.156 1.679²²² 19.753∗

LYLE 0.409∗∗∗ 0.443∗∗ 3.406 1.250 3.594 0.036 0.470
Neuropoly-2 0.409∗∗∗ 0.413∗∗∗ 3.656 1.906 3.469 0.107 0.498
SCAN 0.403∗∗∗ 0.431∗∗ 4.156 2.406 3.031 0.071 5.373
SCA-SimpleUNet0.400∗∗∗ 0.448∗ 5.406 6.344²²² 1.813 0.750²²² 31.232∗

I3M 0.398∗∗∗ 0.358∗∗∗ 4.250 4.313² 3.000 0.393 14.800
Neuropoly-3 0.379∗∗∗ 0.416∗∗∗ 3.719 2.625 3.500 0.321² 19.240
The NoCoDers 0.365∗∗∗ 0.381∗∗∗ 4.750 7.594²²² 2.500 1.370²²² 25.848∗

Vicorob 0.357∗∗∗ 0.369∗∗∗ 3.906 4.094²² 3.156 0.964² 88.402
HufsAIM 0.346∗∗∗ 0.407∗∗∗ 2.938 1.979 4.156 0.444² 17.128∗

CMIC 0.330∗∗∗ 0.362∗∗∗ 3.906 6.094²²² 3.344 4.714²²² 123.442
MIAL 0.309∗∗∗ 0.332∗∗∗ 4.516 6.097² 2.774 1.464²² 177.861
SCA-withPriors 0.223∗∗∗ 0.216∗∗∗ 2.750 6.719²² 4.219 2.464²²² 302.121
LIT 0.214∗∗∗ 0.242∗∗∗ 2.406 11.063 4.469 0.607² 35.404
IBBM 0.155∗∗∗ 0.145∗∗∗ 1.906²² 7.625²²² 5.188² 3.786²²² 123.309∗∗∗

Optimal score 1.000 1.000 7.000 0.000 0.000 0.000 0.000
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FIGURE 3.5: Visual comparison of the proposed segmentation pipeline to other methods.
The proposed method produces segmentation maps closest to the ground truth annotation.

3.3.3.3 Comparison against State-of-the-Art Architectures

We also compare the proposed pipeline to a number of state-of-the-art convolutional

and transformer-based architectures, which have demonstrated excellent performance in

biomedical image segmentation tasks. These architectures include the standard nnU-

net [92], TransBTS [173], UNETR [82], TransUNet [33] and Tiramisu 2.5D [192]. In order

to evaluate methods fairly, we train these methods using the same preprocessed data, de-

scribed in Sec. 3.2.1.1, which includes atlas-based brain extraction, N4 bias field correction,

and free-form deformation registration, and use the standard data augmentation. The quan-

titative comparison results are reported in Table 3.2, and an example segmentation for visual

comparison is provided in Figure 3.5. Table 3.2 shows that nnU-Net with standard data aug-

mentations performs favourably against these state-of-the-art methods, and the proposed

pipeline further improves performance possibly due to the additional data augmentation

that we have introduced.
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TABLE 3.2: Comparison of the proposed method to recent state-of-the-art deep learning

architectures in DSC and F1 scores, the number of false positive lesions nFP and their

volume VFP (unit: mm3), averaged across cases. The methods are sorted in the descending
order of DSC. Best results are in bold. Asterisks indicate statistical significance (∗: p≤ 0.05,
∗∗: p ≤ 0.01, ∗∗∗: p ≤ 0.005) when using a paired Student’s t-test compared to our proposed
method. We implement the Mann-Whitney U test for nTP, nFP, and nFN metrics due to their
non-normal distribution. The dagger symbols indicate statistical significance (²: p≤ 0.05,
²²: p ≤ 0.01, ²²²: p ≤ 0.005) when using a Mann-Whitney U test compared to the proposed

method.

New lesion cases No-new lesion cases
(n = 32) (n = 28)

Method DSC F1 nTP nFP nFN nFP VFP

Proposed 0.510 0.552 4.969 2.031 2.281 0.036 0.192

nnU-Net 0.490 0.548 4.562 1.281 2.688 0.036 0.138
[92]

TransBTS 0.477 0.470∗ 5.492 5.718²² 1.848 0.939² 12.238
[173]

UNETR 0.462 0.468∗ 5.343 9.031²²² 1.906 4.214²²² 23.705∗

[82]
TransUNet 0.428∗∗ 0.434∗∗ 4.491 4.043²² 2.102 1.081²² 9.620

[33]
Tiramisu 2.5D 0.363∗∗∗ 0.365∗∗∗ 4.313 4.625²² 2.938 1.384²² 15.120

[192]

Optimal score 1.000 1.000 7.000 0.000 0.000 0.000 0.000

3.3.3.4 Ablation Study

We carry out an ablation study to evaluate the impacts of different components of the

pipeline, including brain extraction and N4 bias correction (Pre), affine and free-form im-

age registration (Reg) and additional data augmentation methods including axial subsam-

pling and CarveMix (Aug+). By default, standard data augmentation methods are used

which come with nnU-Net, described in 3.2.1.4. The ablation study results are presented in

Table 3.3.

Interestingly, adding pre-processing alone or registration alone does not drastically

change performance metrics. However, when they are combined, for new lesion cases,

the DSC score is increased from 0.476 to 0.490 and the F1 score is increased from 0.533 to

0.548. When imaging-related and lesion-aware data augmentations (Aug+) are introduced,
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TABLE 3.3: Ablation study for preprocessing, registration and augmentation steps. Results
present DSC and F1 scores, the number of false positive lesions nFP and their volume vFP

(unit: mm3), averaged across cases. Asterisks indicate statistical significance (∗: p≤ 0.05,
∗∗: p ≤ 0.01) when using a paired Student’s t-test compared to our proposed method. Best

results are in bold.

New lesion cases No-new lesion cases
(n = 32) (n = 28)

Pre Reg Aug+ DSC F1 nTP nFP nFN nFP VFP

0.476∗ 0.533 4.250∗∗ 1.281 3.000∗∗ 0.000 0.000
✓ 0.475∗ 0.524∗ 4.688 1.281 2.563 0.000 0.000

✓ 0.473∗ 0.525∗ 4.188∗∗ 1.343 3.062∗∗ 0.036 0.083
✓ ✓ 0.490∗ 0.548 4.562 1.281 2.688∗ 0.036 0.138
✓ ✓ ✓ 0.510 0.552 4.969 2.031 2.281 0.036 0.192

the DSC score is further increased to 0.510 and the F1 score is increased to 0.552. This demon-

strates that all the three components play an important role in the proposed pipeline. We

also observe that when DSC and F1 scores are increased, metrics concerning no-new lesion

cases become poorer. The undesired increase in false positive lesion count and lesion vol-

ume for the no-new lesion cases is discussed in detail in Sec 3.3.3.6.

3.3.3.5 Exclusion of No-New Lesion Cases During Training

The MSSEG-2 training dataset is composed of 40 subjects. 11 subjects do not exhibit new

lesions in their follow-up scans. These subjects were removed from the training dataset, thus

we only utilised 29 subjects. We carry out an additional study to investigate the impact of the

exclusion of these images, by comparing the performance on the test set when utilising all

40 subjects for segmentation model training against using the 29 subjects with new lesions.

Results are presented in Table 3.4. Interestingly, removing the no new lesion subjects result

in slightly higher DSC and F1 score, without compromising performance in the no new

lesion cases. This is likely due to higher average representation of the foreground class

(new lesions) in the altered training set. In addition, reducing the training set from 40 to 29

subjects decreased the model training time by 27.5%.

3.3.3.6 Sources of Failure

We carry out a qualitative investigation on the test set to better understand where our

method fails. In the no-new lesion cases, the proposed pipeline correctly classifies 27 out
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TABLE 3.4: Comparison between using the complete MSSEG-2 training set (40 subjects)

against using 29 subjects which excludes the no new lesion cases. We present the DSC
and F1 scores, the number of false positive lesions nFP and their volume VFP (unit: mm3),
averaged across cases. Asterisks indicate statistical significance (∗: p≤ 0.05) when using a

paired Student’s t-test compared to our proposed method. Best results are in bold.

New lesion cases No-new lesion cases
(n = 32) (n = 28)

Training set DSC F1 nFP VFP

29 subjects with new lesions 0.510 0.552 0.036 0.192
All 40 subjects 0.502 0.530∗ 0.036 0.192

of the 28 subjects. The one misclassified (subject ID: 004) is incorrectly segmented to have 1

new lesion, which amount to 14 false positive voxels (3.875 mm3), shown in Figure 3.6. The

segmented region has a higher intensity compared to surrounding regions and we suspect

that it is likely to be a new lesion. Two of four expert raters also delineate this region as a

new lesion, although the consensus segmentation does not regards this as a lesion, which

leads to the misclassification of our method. This test set subject is the cause of the undesired

increase in false positive lesion count and false positive lesion volume in Table 3.3.

In the new lesion cases, when assessing against the DSC and and F1 score, there is still

room for improvement in performance. There are possibly three sources of failure that af-

fect the DSC and F1 scores. The first is the incorrect segmentation of growing lesions. The

pipeline employs affine and non-rigid registration to align the baseline scan to the follow-

up and thus suppresses the detection of growing lesions. However, the remaining mis-

alignment for some growing lesions still leads to the boundary voxels, i.e. the grown regions

of lesions, being incorrectly segmented as new lesions. Secondly, the proposed pipeline may

miss some tiny and less apparent new lesions. In some cases, new lesions which form in the

follow-up scan are very small and less hyperintense compared to large new lesions. This

makes the detection of these lesions very difficult and leads to misclassifications. Finally,

new lesion segmentation is a generally challenging task even for human raters and there are

indiscrepancies between annotations from different human experts. The effect of inter-rater

variability in biomedical annotations can be seen in Yang et al. and Kang et al. [182, 102].

The noise in the annotations may limit what an automated method can achieve [194]. We

present examples of all three sources of failure in Figure 3.7.
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Proposed
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Axial view Sagittal view Coronal view

FIGURE 3.6: A qualitative analysis of a false positive segmentation. The region which we
incorrectly classify as a lesion in the no-new lesion cases in the MSSEG-2 test set (subject ID:
004). We suspect the segmented region to be a new lesion, although the consensus segmenta-
tion provided by the organiser classifies this as normal tissue. Two of the four human raters

also classify this region as a new lesion.

3.4 Discussion and Conclusion

Here we demonstrate that by incorporating appropriate preprocessing steps, an nnU-net

segmentation network, imaging and lesion-aware data augmentation techniques, we can

achieve promising performance in new MS lesion segmentation tasks. The proposed

pipeline outperforms other challenge participating methods in both new lesion cases and

no-new lesion cases, in terms of DSC, F1, nFP and VFP scores. We also observe that in

terms of network architecture, the recently popular transformer architectures may not nec-

essarily outperform convolutional neural network architectures, such as nnU-net (Table 3.2).

This finding is aligns with Isensee et al. [94].The design of proper pre-processing steps and

problem-specific augmentations may play a more important role in this particular lesion

segmentation task (Table 3.3).
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(a)
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FIGURE 3.7: Examples of three different sources of error. Ground truth and predicted
lesions are delineated in red. (a) (subject ID: 012) False positive segmentation of a growing
lesion. (b) (subject ID: 078) False negative classification of a new lesion. (c) (subject ID: 036)
False positive segmentation of a region classified as healthy/not-new in the consensus label,

but annotated as a new lesion in two of the four provided expert annotations.

In addition to the DSC and F1 score used by the MSSEG-2 challenge, we introduce extra

evaluation metrics, nTP, nFP, and nFN, for the new lesion cases to understand the method

performance. While many methods have a high nTP and a lower nFN score, the results

suggest that a lower nFP is what differentiates our method and the Experts to the other

methods, thus providing a higher DSC and F1 score. The nTP, nFP, and nFN results also

suggest that they should be analysed with respect to each other, as evaluating a method

solely with one of these metrics can be misleading. For example, the top performing method

in correctly identified average true positive lesions, nTP, ranks 10th in DSC score, and the

top performing method in fewest average false positive lesion count ranks 17th in both DSC

and F1 score. Methods with higher nTP score also high nFP scores, with respect to Experts’

performance. The results on the new metrics show that methods differ on their approach

to achieve optimal DSC and F1 scores, and suggest that extra thought should be considered

when evaluating a method solely on one metric.

Future efforts to improve the proposed method include further investigation of the

sources of failure described in Sec. 3.3.3.6 and bridging the gap between automatic segmen-

tation and expert raters. The current MSSEG-2 challenge dataset only contains annotations
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of new lesions. To discriminate new lesions from growing lesions, future works may in-

clude curating a dataset of both lesion types and training automated methods for detecting

and differentiating these lesions. Also, additional post-processing steps could be developed

to inspect local neighbourhoods of detected new lesions and check whether they are con-

nected to existing lesions or not, thus decreasing false positives for new lesion detection.

However, too large of a local context may come at the cost of decreasing true positives too.

Furthermore, the proposed pipeline only focuses on lesions in the brain region and the pre-

processing step removes the spinal cord region. Despite the MSSEG-2 testing dataset not

featuring any new lesions in the spinal cord, MS lesions can form in this region. Inclusion of

the spinal cord into the preprocessing step and training data will extend the application of

the proposed pipeline. Finally, despite the long temporal nature of MS, the current dataset

and method only considers two timepoint data. For cases with more than two timepoints, a

sliding window approach can be implemented, described in 5.2.1.

In conclusion, we propose an nnU-Net-based pipeline for multiple sclerosis new lesion

segmentation. A contribution of the pipeline is that it incorporates task-specific data aug-

mentation methods, including axial subsampling, which simulates MRI acquisition-based

image artefacts, and CarveMix, which increases the diversity of lesion images. When eval-

uating on the MSSEG-2 dataset, the proposed pipeline achieves excellent performance in

evaluation metrics for both new lesion and no-new lesion cases.
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Chapter 4

Learning from Limited Data

This chapter contains material from:

1. Basaran, B.D., Qiao, M., Matthews, P.M. and Bai, W., 2022, September. Subject-

Specific Lesion Generation and Pseudo-Healthy Synthesis for Multiple Sclerosis

Brain Images. In International Workshop on Simulation and Synthesis in Medi-

cal Imaging (pp. 1-11). Cham: Springer International Publishing.

2. Basaran, B.D., Zhang, W., Qiao, M., Kainz, B., Matthews, P.M., Bai, W., 2024.

LesionMix: A Lesion-Level Data Augmentation Method for Medical Image Seg-

mentation. In Data Augmentation, Labelling, and Imperfections. MICCAI 2023.

Lecture Notes in Computer Science, vol 14379. Springer, Cham.

4.1 An Adversarial Method for Realistic Brain Lesion Data

Augmentation

4.1.1 Introduction

Understanding the intensity characteristics of brain lesions is key for defining image-based

biomarkers in neurological studies and for predicting disease burden and outcome. Being

able to model the lesion intensity patterns also enables us to generate synthetic images for

data augmentation purposes and to perform counter-factual inference to understand dis-

ease progression. Although many efforts have been dedicated in the past to the general

image synthesis problem [90, 103, 145], little has been investigated for subject-specific MS

lesion synthesis. In this chapter, we present a novel foreground-based generative method for
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modelling the local lesion characteristics that can both generate synthetic lesions on healthy

images and synthesize subject-specific pseudo-healthy images from pathological images.

An attention mechanism is designed so as to only modify the intensities in the lesion region

while maintaining the structure in other brain regions. Furthermore, the proposed method

can be used as a data augmentation module to generate synthetic images for training brain

image segmentation networks. Experiments on multiple sclerosis (MS) brain images ac-

quired on magnetic resonance imaging (MRI) demonstrate that the proposed method can

generate highly realistic pseudo-healthy and pseudo-pathological brain images. We demon-

strate that the proposed method achieves high realism in both lesion generation and pseudo-

healthy synthesis. In addition, using the synthetic images for training image segmentation

networks, we can improve the lesion segmentation performance even in a low-data setting.

4.1.2 Contributions

We present a novel brain lesion synthesis method for multiple sclerosis images. Our method

has four contributions: (1) Differing from other techniques, our method is able to preserve

subject identity and generate a new lesion foreground class without directly sampling a

lesion mask from another subject. (2) An attention-based foreground discriminator is in-

troduced to generate realistic images focusing at the lesion region. (3) The method is able

to generate both synthetic lesions as well as pseudo-healthy images, achieved via a cyclic

structure. This enables generating a diverse set of brain images for data augmentation pur-

poses. (4) Our method is stochastic, and is able to generate multiple augmented images with

different lesion appearances from a single input image.

4.1.3 Methods

The goal is to generate pathological images with lesions, given healthy images as input,

while preserving the subject identity, and vice versa, create pseudo-healthy images with-

out the lesions in the pathological subjects. Inspired by CycleGAN [197] and Attention-

GAN [163], we adopt a two-branch architecture to learn both the lesion generation and

pseudo-healthy synthesis tasks. We employ the attention and content decoders from [163],

which provide maps on where and what the important features of the foreground and back-

ground classes of the image are, respectively. In our application, the foreground refers
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to the brain regions with lesions, and background refers to the remaining healthy tissue.

However, we encourage the foreground decoder to learn lesion specific features. In par-

ticular, we introduce a foreground-based discriminator to focus on the generation of the

lesion region. We assume that two unpaired datasets are available for learning: a healthy

dataset, XH = {xH}, and a pathological dataset with lesions or white matter hyperintensi-

ties (WMHs), XP = {xP}. Lower case xH and xP denote single image samples from these

datasets. For the pathological dataset, a corresponding foreground dataset, XF = {xF}, is

constructed using the lesion masks. Each foreground image is a masked lesion intensity im-

age, generated by multiplying the original pathological image from XP with its respective

lesion mask.

Figure 4.1 illustrates the proposed framework, which consists of two branches, one gen-

erator, GP, for synthetic lesion generation and the other generator, GH, for pseudo-healthy

synthesis. We represent the lesion generation branch as H → P, and the pseudo-healthy

synthesis branch as P → H, where H denotes healthy images, and P denotes patholog-

ical images. The lesion generator, GP, takes in a healthy brain image, xH, and generates

a pathological image with lesions, x̂P, while also aiming to preserve subject identity. It is

composed of an encoder, Enc, which maps the input image into a latent code z, a content

decoder, DecC, that decodes z into a foreground content map, C f ore, and an attention de-

coder, DecA, that decodes z into the two attention maps, namely A f ore for foreground and

Aback for background. Subsequently, the foreground content, C f ore, in our case the lesion-

related regions, and attention map, A f ore, are fused to generate a foreground output, O f ore.

The input image, xH, and background attention, Aback, is fused to generate a background

output, Oback. The summation of O f ore and Oback produces the generated synthetic image,

x̂P. The pseudo-healthy synthesis branch, GH, takes an image with lesions, xP, as input and

produces an pseudo-healthy image, x̂H. This branch is constructed in a similar way as the

lesion generation branch.

4.1.3.1 Generators

The two generators, GP and GH, are both constructed using the ResNet architecture with

nine blocks. Each generator features an encoder with three downsampling paths, and two

decoders, one for generating content masks, and one for attention masks. For a given input
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FIGURE 4.1: Proposed framework for subject-specific lesion generation and pseudo-

healthy synthesis of brain images. Our model consists of two generators, GP and GH, and
three discriminators, DH, DP, and DF. We refer the reader to the text for more detail.

image, our model generates n attention masks, 1 for background attention, Aback, and n− 1

for foreground attention, A f ore, and also generates n − 1 foreground content masks, C f ore.

Here foreground broadly refers to regions relevant to lesions and background refers to the

rest of the brain image. Producing multiple foreground attention masks allows lesions of

varying shape and location characteristics to be decoded, thus producing synthetic images

with different lesion distributions. Similar ideas have been explored in [31], where an input

image is disentangled into multiple channels representing different anatomical structures.

The synthetic image G(x) is generated by

G(x) = C f ore ∗ A f ore + x ∗ Aback, (4.1)

which combines the foreground content, C f ore, multiplied with their respective attention

masks, A f ore, and the original input image, x, multiplied with the background attention

mask, Aback. The separation of foreground and background allows us to explicitly focus on

the lesions in the generating process by developing a lesion-aware foreground discriminator.
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4.1.3.2 Discriminators

To generate realistic brain images, three discriminators are introduced. The pathological dis-

criminator, DP, distinguishes synthetic images with lesions from real pathological images.

The healthy discriminator, DH, distinguishes pseudo-healthy images from real healthy sub-

jects. The third discriminator, DF, which is lesion-aware, encourages the foreground (syn-

thetic lesions) to look realistic compared to real lesion masks in the pathological dataset.

4.1.3.3 Losses

The total generator loss, LGtotal
, consists of three loss terms: generation loss, LG, cycle-

consistency loss, LCC, and identity loss, Lidt. We employ the least squares GAN loss [129]

for the generation loss, also known as L2 loss. For pseudo-healthy synthesis (P → H), the

generation loss is formulated as

LGH
= Ex∼XP

[

(DH(GH(x))− 1)2
]

, (4.2)

where DH denotes the healthy discriminator for the pseudo-healthy image GH(x). For lesion

generation (H → P), the generation loss is formulated as

LGP
= Ex∼XH

[

(

1
2(DP(GP(x)) + DF(O

f ore
P ))− 1

)2
]

, (4.3)

where DP denotes the pathological discriminator for the lesion image GP(x) and DF denotes

the foreground discriminator for the foreground output O
f ore
P , which penalises non-realistic

lesion regions.

The cycle-consistency loss, LCC, evaluates a full cycle of an image through the network,

P → H → P or H → P → H, against its original input. We encourage the output of

these cycles to be equivalent to the input as we wish to preserve subject identity. This also

ensures that the generated synthetic lesions do not appear at unrealistic locations in the

brain structure. The cycle-consistency loss, LCC, is given by:

LCC = Ex∼XH
[∥λHGH(GP(x))− x∥1] + Ex∼XP

[∥λPGP(GH(x))− x∥1] . (4.4)
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Finally, we incorporate the identity loss, Lidt, with the objective of getting an identical image

out of a generator if its healthiness is not changed, such that GH(xH) would return an image

identical to xH. We use the L1 loss for this task:

Lidt = Ex∼XH
[∥λHλidtGH(x)− x∥1] + Ex∼XP

[∥λPλidtGP(x)− x∥1] . (4.5)

We utilise hyperparameters λH, λP, and λidt for weighting these losses. The total loss for the

generator is:

LGtotal
= LGH

+ LGP
+ LCC + Lidt. (4.6)

The discriminators aim to minimise the sum of the squared difference between predicted

and expected values for real and synthetic images. We use the least squares loss for the

three discriminators, DH, DP, DF, given by:

LDH
= E

[

(DH(xH)− 1)2 + (DH(GH(xP)))
2
]

, (4.7)

LDP
= E

[

(DP(xP)− 1)2 + (DP(GP(xH)))
2
]

, (4.8)

LDF
= E

[

(DF(xF)− 1)2 + (DF(O
f ore
P ))2

]

. (4.9)

4.1.4 Experiments

4.1.4.1 Data

A private dataset is used for training the proposed method, which consists of FLAIR MRI

scans of 120 subjects, including 60 healthy scans and 60 scans with MS lesions. For evalua-

tion, we train the segmentation networks using the 2016 Multiple Sclerosis Lesion Segmen-

tation dataset (MS2016) [44], and test on the 2008 MICCAI MS Lesion Segmentation dataset

(MS2008) [160] and 2015 ISBI Longitudinal MS Lesion Segmentation dataset (ISBI2015) [28].

We resample all images into 1× 1× 1 mm3 voxel spacing. We extract and select the centre

axial slice of each image for use in the 2D model, as the central slice contains the ventricles

where periventricular MS lesions often occur. These images are reshaped into 256× 256 di-

mensions to pass through the network. The private, MS2008, ISBI2015, and MS2016 datasets

provide 120, 20, 21, and 15 2D FLAIR images, respectively.
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4.1.4.2 Evaluation

We evaluate the method performance in data augmentation using the synthetic data for

downstream segmentation task as well as evaluate the image quality of synthetic data. To

assess performance we conduct two experiments, employing our method as a data aug-

mentation tool and comparing segmentation performance when trained on only synthetic

data. To evaluate quality we ask three raters to assess healthiness and realism of generated

images.

The proposed method is compared with traditional data augmentation (TDA) techniques

which come default with nnU-Net [92], including rotation, scaling, mirroring, elastic defor-

mation, intensity perturbation, and simulation of low resolution. We also compare to a state-

of-the-art lesion-aware augmentation method, CarveMix [195]. We utilise offline versions of

our method and CarveMix to double the training dataset for those experiments. When per-

forming data augmentation using the proposed method, lesion masks are required for the

foreground discriminator. After lesion generation, we perform free-form deformation regis-

tration of the healthy subject image, xH, to the corresponding synthesised pathological im-

age, x̂P, threshold the difference of the two images and generate the lesion masks. We report

the mean and variance of the Dice scores and Hausdorff distances of the segmentations.

4.1.4.3 Implementation details

4.1.4.3.1 GAN Network

We implement the generative model with a single channel input and single channel output.

We set the generated mask number n to 10, as our experiments show more variety of real-

istic lesion characteristics and intensities are synthesised with a higher n. Our generative

framework method also features data augmentation in the form of sagittal mirroring and

elastic deformation.

4.1.4.3.2 Training

The proposed method is developed on PyTorch and trained on one NVIDIA GeForce RTX

3080. We use the Adam optimizer with an initial learning rate of 0.001 and 0.5 dropout.

The network is trained for 400 epochs and with a linear decay of the learning rate after
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200 epochs with a batch size of 1, due to GPU memory limit. We set the generator loss

trade-off hyperparameters λH, λP, and λidt to 10, 10, and 0.5, respectively. For evaluating

segmentation performance, nnU-Net is trained for 1,000 epochs using stochastic gradient

descent.

4.1.4.4 Results

4.1.4.4.1 Data Augmentation Performance

We train twelve separate segmentation models using different dataset sizes and data aug-

mentation methods. We use nnU-Net in 3D full resolution, utilising 100%, 53.3%, 26.6% and

12.3% of the training dataset, corresponding to 15, 8, 4, and 2 subjects.

Table 4.1 indicates that the average Dice score is increased using the proposed method

in three of the four dataset sizes when compared to TDA and CarveMix, while also decreas-

ing the standard deviation in most cases. We further report the mean and variance of the

Hausdorff distances in Table 4.2. Figure 4.2 visualises the segmentation performance of our

method against the benchmark. Figure 4.3 demonstrates different stages of the proposed

method and augmentation examples from CarveMix. [195].

TABLE 4.1: Mean and standard deviations of the Dice scores (%), at different sizes of

training data. Best results are in bold. Asterisks indicate statistical significance (∗: p≤ 0.05,
∗∗: p ≤ 0.001) when using a paired Student’s t-test compared to baselines.

Size
TDA TDA+CarveMix[195] TDA+Proposed

MS2008 ISBI2015 MS2008 ISBI2015 MS2008 ISBI2015

100% 33.06∗∗17.37 63.2016.70 32.32∗∗15.23 57.8216.56 44.7715.87 63.9016.45

53.3% 34.0317.83 58.8424.54 35.3917.36 61.2519.06 39.7018.44 62.3513.21

26.6% 31.5518.62 64.4312.64 39.2118.86 60.2821.22 34.5815.47 60.8310.03
13.3% 28.9623.55 37.34∗∗23.81 23.57∗23.18 38.94∗∗21.81 32.2916.16 56.6413.23

The generator of the method is stochastic, which employs dropout to generate multiple

diverse augmented images for each given sample, shown in Figure 4.4. This increases the

diversity of training image samples.

4.1.4.4.2 Synthetic data segmentation performance

We compare segmentation performance when training a model using a fully synthetic

dataset against a model trained on a real dataset. We generate 15 synthetic images from
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TABLE 4.2: Mean and standard deviations of the Hausdorff distances, at different sizes of

training data. Best results are in bold. Asterisks indicate statistical significance (∗: p≤ 0.05,
∗∗: p ≤ 0.01, ∗∗∗: p ≤ 0.001) when using a paired Student’s t-test compared to baselines.

Size
TDA TDA+CarveMix [195] TDA+Proposed

MS2008 ISBI2015 MS2008 ISBI2015 MS2008 ISBI2015

100% 3.52∗1.61 3.35∗0.94 3.241.09 3.330.89 3.091.54 3.020.80

53.3% 3.16∗∗1.10 3.120.93 3.30∗∗∗1.26 3.281.00 2.620.98 3.071.08

26.6% 3.120.89 3.381.01 3.081.01 3.370.94 3.090.72 3.861.61
13.3% 2.921.13 3.86∗∗1.62 2.951.03 3.81∗∗1.62 2.900.69 3.331.17

FIGURE 4.2: Comparison of segmentation performance using different data augmentation

techniques at 100% dataset usage. Lesions are contoured in red. Left to right: Test subjects
with ground truth lesion masks; segmentation using traditional data augmentation (TDA);

segmentation using TDA+CarveMix [195]; segmentation using TDA+proposed.

the MS2016 dataset and test on the MS2008 and ISBI2015 datasets. We compare our results

to nnU-Net with TDA at 100% dataset size, as per in Table 4.1. Results in Table 4.3 suggest

a model trained on our generated data performs comparable to a model trained on a real

dataset.

TABLE 4.3: Segmentation performance using fully synthetic data for model training, com-

pared to using real data, 15 training images for each. Mean and standard deviations of the
Dice scores (%) are reported with best results in bold.

Test data Real training data Synthetic training data

MS2008 33.0617.37 35.7419.85

ISBI2015 63.2016.70 52.7218.61
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FIGURE 4.3: Visualisations from different stages of training of the proposed method. Le-
sions are contoured in red. Left to right: Real pathological image, xP; pseudo-healthy image
x̂H; foreground output for lesion synthesis on pseudo-healthy image O

f ore
P ; background out-

put for lesion synthesis Oback
P ; the synthetic pathological image generated from the pseudo-

healthy image x̂P; augmented image using CarveMix, unrealistic lesions circled in yellow.

4.1.4.4.3 Structural similarity

We measure subject-identity of 60 images acquired from the MS2016 dataset after they have

been through a inpainting-lesion generation cycle, P→ H → P. We report a raw score, Siraw,

and a registered score Sireg, where the synthetic image is first registered to the original image

using free-form deformation [132]. For Siraw, we achieve a mean score of 73.83± 12.82. For

Sireg, we achieve a mean score of 82.30± 11.16. Siraw scores are lower than their registered

counterparts due to the ventricular volume changing during the generation process. The

structural similarity scores reported here are relatively high, which means the subject iden-

tity is preserved. However, we are not able to compare the structural similarity results to

other methods. To the best of our knowledge, this is the first work which performs subject-

specific brain lesion synthesis.

4.1.4.4.4 Expert Evaluation

In order to assess quality of generated images, we ask three human raters to evaluate im-

ages in healthiness and realism. We define "healthiness" as a brain MR image with no visible

pathological features, and "realism" as an image which possesses the same quality and au-

thentic look as one obtained by a scanner. We collate 50 real healthy, 50 real pathological,

50 pseudo-healthy, and 50 pseudo-pathological images. Raters are asked to classify each

image as healthy (1) or pathological (0), and real (1) or fake (0). We produce the results
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FIGURE 4.4: Visualisations of stochasticity exemplified by the model. Setting the genera-
tive network’s dropout level to 0.5 at training and inference allows for generating a diverse
set of synthetic images (second to fourth columns) given a single image as input (first col-

umn).

for the real images as a benchmark to compare our generated images. Table 4.4 shows that

the generated pseudo-healthy and pseudo-pathological images closely follow real images

for the assessed metrics. Regarding realism, 80% of our proposed healthy and pathological

images were classified as "realistic" compared to the 85% and 84% of real healthy and real

pathological images, respectively. Similarly, our generated healthy images were classified as

healthy slightly behind real healthy images, 83% to 85%. Notably, raters classified generated

pathological images as pathological (less healthy) more than real pathological images, 1% to

5%, respectively.

TABLE 4.4: Rater classification of real and generated images on realism and healthiness.

Asterisk (*) indicates that a lower score is better.

Realism

Real Proposed

Healthy images 85% 82%
Pathological
images

84% 82%

Healthiness

Real Proposed

Healthy images 85% 83%
Pathological
images*

5% 1%
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4.1.4.4.5 Correlations with Radiological Findings

The spatial heatmap of the synthetic lesions closely resemble those of the real lesions from

clinical data, including the private dataset and the MS2016 dataset. A comparison between

the spatial heatmap of synthetic lesions and real lesions is visualised in Figure 4.5.

More frequent

Less frequent

FIGURE 4.5: Comparison of spatial heatmaps of real lesions and synthetic lesions. A: Real
lesions from private dataset (200 subjects). B: Real lesions in MS2016 dataset (60 subjects). C:
Synthetic lesions generated using the proposed method by training on the MS2016 dataset

(200 masks).

Furthermore, generated pseudo-pathological images show an increase in the ventricular

volume, while pseudo-healthy images tend to have a decreased ventricular volume. The dif-

ference in ventricular volume is shown in Figure 4.6. The change in the ventricular volume

is consistent with literature [52, 53, 81, 126].

P
se
u
d
o
-h
e
a
lt
h
y

sy
n
th
e
si
s

FIGURE 4.6: Changes the ventricular volume during image generation, consistent with

clinical literature. Top: Pseudo-healthy synthesis leads to decrease in ventricular volume,
delineated in red in the difference image. Bottom: Lesion generation leads to an increase in

ventricular volume, delineated in red in the difference image.



4.1. An Adversarial Method for Realistic Brain Lesion Data Augmentation 75

4.1.5 Discussion and Conclusion

We propose a novel method for generating lesions and pseudo-healthy images while pre-

serving subject-specific features, providing a useful tool for data augmentation in brain im-

age analysis to complement real patient datasets. Our method is lesion-aware in the gen-

erating process, being able to distinguish lesion regions as the foreground. In quantitative

evaluation, our method improves lesion segmentation performance in downstream tasks,

showcasing statistically significant improvements in Dice score and Hausdorff distance es-

pecially in low data setting. In our human rater assessment, the generated images achieved

a high realism score close to the real images, and generated lesions follow a spatial dis-

tribution consistent with real clinical datasets. Furthermore, we identified changes in the

ventricular volume of generated images, which were inline with clinical literature.

Our method for adversarial data augmentation shows promising performance and high

realism. However, it suffers from several limitations. Foremost, the usage of a two gener-

ative adversarial networks in the framework exacerbates the difficulties of training GANs,

as the slight changes in hyperparameters can lead to instabilities during training. This na-

ture causes obstructions for reproducibility. Furthermore, due to resource constraints, our

method applied to two dimensional images, requiring the preprocessing of three dimen-

sional brain MR images.

Despite these shortcomings, our framework can be extended to a multitude of medi-

cal applications. In this study, we generate lesions on healthy brain scans as diseased and

healthy brain images, despite their scarcity, are easy to find. However, the framework can

be extended to longitudinal image generation by replacing XH with a unhealthy first time-

point scan, and XP with a follow-up scan. Using the attention mechanism, we could then

learn the possible patterns in the progression of lesions and predict future lesion formations.

Alternatively, the novel foreground discriminator allows the model to control what features

and substructures in the image to employ as the foreground, and specifically introduce or

alter those features. As such, we could set it to alter other features, such as for modeling

brain atrophy by decreasing white matter or gray matter in the brain.
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4.2 A Lesion-Level Data Augmentation Method for Medical

Image Segmentation

4.2.1 Introduction

Availability of labelled medical imaging data has been a long-term challenge for develop-

ing robust machine learning methods for medical image segmentation. In particular, when

dealing with lesions or abnormality detection, datasets often follow a long-tail distribu-

tion [70, 149], which means there can be a variety of categories for abnormal cases but with

each category only containing very few samples. In medical imaging, most data augmen-

tation methods are developed at the image level, aiming to increase the diversity of the full

image [40]. They often lack the capability to model specific abnormalities in the images.

Recently, several disease-specific augmentation methods have been proposed for brain tu-

mors, multiple sclerosis, and skin lesions [1, 11, 134]. Unfortunately, the majority of these

methods are either disease or organ-specific, or are difficult to train and implement due to

their complexity.

In this work, we propose LesionMix, a novel and simple lesion-level data augmentation

method for medical image segmentation. LesionMix is able to populate lesions with various

properties, including shape, location, intensity and lesion load, as well as inpaint existing

lesions by using a dual-branch iterative 3D framework. With LesionMix, we are able to

train lesion segmentation models in a low-data setting, even if there are very few samples

of lesion images. We perform a comprehensive evaluation of LesionMix using different

imaging modalities and datasets, including four brain MR lesion datasets and one liver CT

lesion dataset. Experiments show that LesionMix achieves promising lesion segmentation

performance on various datasets and outperforms several state-of-the-art (SOTA) data aug-

mentation methods.

4.2.2 Contributions

There are three main contributions of this work: (1) We propose a novel non-deep data

augmentation method, which augments images at the lesion level and accounts for lesion

shape, location, intensity as well as load distribution. (2) The method is easy to implement
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and can be added to a segmentation pipeline to complement traditional data augmentations.

(3) It is generic and can be applied to datasets of various modalities (MRI, CT, etc).

4.2.3 Methods

The objective is to develop an efficient and easy-to-implement augmentation method that is

aware of lesions in medical images, accounting for the spatial locations of lesions and the

overall lesion load distribution within a dataset. Here, lesion load refers to the amount of le-

sion volume present in a particular dataset. This is an important factor to consider, given the

fact that total lesion volume can significantly vary from dataset to dataset. Figure 4.7 illus-

trates the proposed LesionMix method, which consists of two branches, namely for lesion

populating and lesion inpainting. LesionMix takes a lesion image, X, and its corresponding

lesion mask, Y, as input, and generates an augmented lesion image, X’, and lesion mask, Y’,

as output, which achieves a target lesion load, vtar. If the target lesion load, vtar, is greater

than the current load, vcur, the lesion load is increased via the populating branch. Otherwise,

the lesion load is decreased via the inpainting branch. To generate diverse lesion samples,

lesion-level augmentations are performed during populating. To maintain the fidelity of the

samples, lesions are augmented according to learnt spatial and load distributions. Lesion-

Mix can be performed both on-the-fly and offline. We evaluate LesionMix offline for fair

comparison to benchmark methods.

4.2.3.1 Lesion Populating

4.2.3.1.1 Lesion-level Augmentation.

Given the input image, X, and its lesion mask, Y, a lesion is randomly selected and aug-

mented. We apply 3D spatial augmentations, brightness augmentations (multiplicative),

and Gaussian noise augmentations. Lesion-level spatial augmentations include flipping,

rotating, resizing, and elastic deformation. Augmentations are applied by extracting the se-

lected 3D lesion volume, applying the augmentation, and inserting the augmented lesion

back into the image. By iteratively inserting lesions into the images, augmented lesions can

overlap one another, allowing for unique lesion formations. Augmentation parameters are

set empirically and provided in Table 4.5.
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FIGURE 4.7: Illustration of the augmentation process of LesionMix. It consists of lesion
populating (top) and lesion inpainting (bottom) branches to iteratively augment images to a

desired lesion load.

TABLE 4.5: Data augmentation parameters for LesionMix. p denotes the probability of
augmentation. For augmentations where a range is given, the parameter is determined by

selecting a value by uniformly sampling from the range.

Augmentation Details

Flipping In X,Y,Z dimensions, p = 0.5 for each dimension
Rotating In X,Y,Z dimensions, p = 0.5 for each dimension, range =[1◦, 89◦]
Resizing Dimension multiplication, range=[0.5, 1.8]

Elastic deformation1 Random deformation grid, σ range= [3, 7]
Brightness Intensity value multiplication, range = [0.9, 1.1]

Gaussian noise Addition of N (0, 1)
Inpainting Fast marching method

The original image, lesion mask, and the augmented lesion region are mixed using the

following equations to generate the augmented image and mask:

X’ = X⊙ (1−M) + F⊙M, (4.10)

Y’ = Y⊙ (1−M) + M. (4.11)

F denotes the augmented lesion intensity image, M denotes the mask of the augmented

lesion region, and ⊙ denotes element-wise multiplication. To generate X’ we use a soft

mask M, in which the boundary pixels of the lesion mask are weighted by 0.66 and the inner

pixels are weighted by 1. This allows the lesion boundary to blend more naturally with the
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input image. We opt for this approach rather than using a signed distance function with

a sigmoid due to the small size lesions may have. Our approach ensures that at most 1

voxel in the boundary is weighted. Lesion populating can be performed iteratively. At each

iteration, lesion-level augmentation is applied to a randomly selected lesion and inserted

into the image, until the lesion load, vcur, reaches the target lesion load, vtar.

4.2.3.1.2 Lesion Likelihood Map

The augmented lesion is inserted into the original image at a location sampled from a spatial

heatmap, termed the lesion likelihood map, which describes the probability that a lesion

appears at a specific spatial location in the anatomy. The map is learnt by summing the

labels of the images to produce a lesion heatmap and normalising it into a probability map.

The map is computed once for each organ dataset before model training. For brain datasets,

augmented lesions can occur on both the white matter and gray matter. Although white

matter lesions may be more common, gray matter lesions have been recorded in clinical

literature [130].

4.2.3.2 Lesion Inpainting

Given the input image and lesion mask, a 3D lesion volume is randomly selected. 2D axial

slices of the volume are inpainted using the fast marching method [165], which fills in the

intensities within the lesion mask with neighbouring intensities from the normal region,

formulated by

I(p) =
∑q∈N(p) w(p, q)[I(q) +∇I(q)(p− q)]

∑q∈N(p) w(p, q)
, (4.12)

where I denotes the intensity, p denotes a pixel within the lesion mask, q ∈ N(p) denotes

pixels in the neighbourhood of q that belong to the normal region, ∇I(q) denotes the im-

age gradient at q and w(p, q) denotes a weighting function determined by the distance and

direction from q to p [165]. After inpainting, we insert the inpainted slices back into the

original image. 2D inpainting is implemented on axial slices of the lesions, due to the sim-

plicity in implementation and fast computation. To ensure 3D continuity of the inpainted

lesion, Gaussian blurring is performed on the boundary of inpainted lesions along all three

dimensions,

X’ = G( f (X, M))⊙ ∂M + f (X, M)⊙ (1− ∂M), (4.13)
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Load percen le: 5-25%

Mean: µ of Dataset Load

Variance: 2 of Dataset Load

Load percen le: 37.5-62.5% Load percen le: 75-95%

Load percen le: 5-95% Load percen le: 5-95%

Sampled from Dataset Load

Dataset Load
Load distribu on of brain datasets

LesionMix Lesion Load Distribu ons

FIGURE 4.8: Graphs of the different distributions of lesion loads. The brain lesion datasets’
lesion load distribution (light blue), named Dataset Load, and the six load distributions (dark
blue) for augmentation used by LesionMix. Low load is a uniform distribution sampled
between 5 and 25 percentiles of the Dataset Load. Medium load is a uniform distribution
sampled between 37.5 and 62.5 percentiles of the Dataset Load. High load is a uniform
distribution sampled between 75 and 95 percentiles of the Dataset Load. Uniform load is a
uniform distribution sampled between 5 and 95 percentiles of the Dataset Load. Gaussian
load samples from a Gaussian distribution with the same mean and variance as the Dataset
load. Real load samples directly from the Dataset load distribution. This process is repeated

for the LiTS dataset.

Y’ = Y−M, (4.14)

where f (X, M) denotes the inpainting function using fast marching, G denotes the Gaussian

blurring function, and ∂M denotes the boundary of the lesion mask. Lesion inpainting can

be performed iteratively for randomly selected lesions, until the lesion load, vcur, reaches

the target lesion load, vtar.

4.2.3.3 Lesion Load Distribution

Unlike other Mix-based methods, LesionMix allows for the generation of datasets with vary-

ing lesion load distribution. The load distribution, P(v), is a probability distribution func-

tion for lesion volume, v. It characterises the degree of severity of the disease. We experi-

ment with six different lesion load distributions: low, medium, high, uniform, Gaussian, and

Real. Real denotes the real distribution learnt from the data. The other five are parametric

distribution functions, with parameters described in Figure 4.8.
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For each image to be augmented, we sample the target lesion load, vtar, from the distri-

bution and apply lesion populating or inpainting iteratively to achieve this target. If vtar is

lower than vcur, lesion inpainting is applied; if vtar is greater than vcur, lesion populating is

applied. We present examples of inpainting and populating as examples of LesionMix in

low load and high load distribution setting examples, respectively, in Figure 4.9. We present

the algorithm of LesionMix in Algorithm 1.

Algorithm 1: LesionMix: Lesion-level augmentation
Input Training images and annotations {(X1, Y1), ..., (XN, YN)}; the desired

number of augmented images T, the desired load distribution P(v).
Output Augmented training data {(X′1, Y′1), ..., (X′T, Y′T)}

for t=1,2,...,T do
Sample target load from the distribution, vtar ∼ P(v)
if vcur < vtar then

while vcur < vtar do
1) Randomly select lesion from (Xi, Yi)
2) Sample lesion location from the lesion likelihood map
3) Apply lesion-level augmentations and generate F and M
4) Apply mixing in Eq. 4.10 and 4.11

end

else
while vcur > vtar do

1) Randomly select lesion from (Xi, Yi) and extract axial slice
2) Apply inpainting in Eq. 4.13 and 4.14 and reinsert slices

end

end
return (X′i, Y′i)

end

4.2.3.4 Properties of LesionMix

We compare LesionMix with other Mix-based data augmentation methods, including Cut-

Mix [183], CarveMix [195] and SelfMix [143]. LesionMix offers greater control in augmenta-

tion, compared to CarveMix and SelfMix. LesionMix is spatially-aware, utilising the lesion

likelihood map for drawing locations and thus mixes different backgrounds with the lesion.

LesionMix performs shape and intensity augmentations at the lesion level, thus increasing

sample diversity. Apart from populating lesions, it is also able to inpaint lesions and control

the lesion load distribution. We further summarise in Table 4.6, and present a qualitative

comparison against CutMix and CarveMix in Figure 4.10.
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FIGURE 4.9: Original image, annotation and augmented data by LesionMix with low and

high load image examples for both brain (first three rows) and liver (fourth row) datasets.

Red denotes brain or liver lesions. Green denotes the liver. Low load example demonstrates
performance of inpainted lesions, indicated by yellow arrows. High load example shows

populated lesions, indicated by blue arrows.

TABLE 4.6: Qualitative comparison of the properties of LesionMix with other Mix-based

augmentation methods. LesionMix exhibits more spatial and lesion-level augmentation
properties compared to competitors.

Property CutMix [25] CarveMix [26] SelfMix [27] LesionMix
Lesion-aware ✓ ✓ ✓

Spatially-aware ✓

Lesion-background mixing ✓ ✓

Lesion-level augmentation ✓

Lesion inpainting ✓

Lesion load control ✓
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FIGURE 4.10: Original image, annotation and augmented data by Mix-based methods. Red
delineations denote lesions, green denotes the liver organ. CutMix produces discontinuities

in the image. CarveMix can place lesions outside the organ, indicated by arrows.

4.2.4 Experiments

4.2.4.1 Data

As a generic method for lesion data augmentation, LesionMix is evaluated on brain lesion

MR images and liver lesion CT images.

4.2.4.1.1 Brain Lesion Data

Four brain lesion datasets are used, the MICCAI 2008 multiple sclerosis (MS) lesion dataset

(MS2008, n=20) [160], ISBI 2015 longitudinal MS lesion dataset (MS2015, n=21) [28], MICCAI

2016 MS lesion dataset (MS2016, n=15) [44], and MICCAI 2017 white matter hyperintensity

dataset (WMH2017, ntrain=60, ntest=110) [108]. We use the WMH2017 training set for train-

ing a lesion segmentation network with the proposed augmentation method and evaluate

its performance on the WMH2017 test set and MS2008, MS2015, MS2016 datasets. For all

datasets, FLAIR images are used and resampled to 1× 1× 1 mm3 voxel spacing, followed

by brain extraction using FSL [96] and rigid registration into the MNI space [66].
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4.2.4.1.2 Liver Lesion Data

We use the MICCAI 2017 liver tumor segmentation dataset (LiTS) [20]. The training set con-

tains CT scans for 131 subjects, which are split into batch 1 (n=28) and batch 2 (n=103) by the

challenge organisers. We use the LiTS batch 1 dataset for training a liver lesion segmenta-

tion network and evaluate its performance on the LiTS batch 2 dataset. The in-plane image

resolution ranges from 0.56mm to 1.0mm, and 0.45mm to 6.0mm in slice thickness. The LiTS

dataset has high variance of data size and organ shape, therefore we use the normalised la-

bel map of the liver as the lesion likelihood map. This ensures the placed lesion is within

the liver.

4.2.4.2 Implementation Details

The proposed method is developed on PyTorch. All augmentation methods are evaluated

with the same segmentation model, nnU-Net with 3D full resolution configuration, and

trained for 1,000 epochs on NVIDIA Tesla T4 GPUs.

4.2.4.3 Results

4.2.4.3.1 Lesion Load Distribution

We perform an ablation study to select the optimal lesion load distribution for LesionMix.

We simulate a low-data setting by selecting just one training image from WMH2017, perform

data augmentation using LesionMix to generate 100 augmented images, and train nnU-Net,

a segmentation network. Table 4.7 reports the lesion segmentation performance when six

different lesion load distributions are used, and compared against the None method, which

is trained with a single image without augmentation.

4.2.4.3.2 Comparison to Other Data Augmentation Methods

Following the ablation study, we choose the uniform lesion load distribution for the remain-

ing experiments. We compare LesionMix to SOTA data augmentation methods, including

traditional data augmentations (TDA), which come default with nnU-Net [92], CutMix [183]
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TABLE 4.7: Mean and standard deviations of lesion segmentation Dice scores (%), when

different lesion load distributions are used for LesionMix. Trained using 1 image for None,
and 100 generated images for the rest. Best results are in bold.

Test set None Low Medium High Uniform Gaussian Real

MS2008 16.4615.43 22.9018.59 22.2317.63 23.5718.72 24.0719.04 22.2217.59 22.6617.84
MS2015 37.5816.05 40.519.05 37.0912.20 40.3715.64 39.3815.68 36.6414.34 37.6814.21
MS2016 24.3520.07 36.7521.33 38.1020.37 49.0818.05 50.7218.96 41.1620.04 50.3216.43
WMH201739.3025.16 49.7924.88 51.5923.80 58.9921.26 59.4221.25 53.2322.85 55.2421.56

LiTS 3.344.94 9.406.25 12.1810.34 13.335.94 13.658.02 12.887.20 11.997.82

FIGURE 4.11: Qualitative comparison of segmentation performance when 10% of dataset

size is used. Models with LesionMix detect more lesions and segment them more accurately.

and CarveMix [195]. TDA includes rotation, scaling, mirroring, elastic deformation, inten-

sity perturbation and simulation of low resolution. We add CutMix, CarveMix, or the pro-

posed LesionMix onto TDA. We re-implement CutMix [183] for 3D medical images, and use

the public code for CarveMix [195]. We are unable to compare against SelfMix [143] due to

unavailability of public code. For fair comparison, all methods use nnU-net as the segmen-

tation network and augment the WMH2017 training set for brain lesions and the LiTS batch

1 dataset for liver lesions by five times. We conduct experiments when different sizes of the

training data is used. Table 4.8 reports the lesion segmentation Dice scores for different data

augmentation methods. LesionMix improves lesion segmentation against SOTA methods in

the majority of experiments. We notice greater statistical significance in experiments with

smaller dataset sizes. We present example segmentations against benchmark methods in

Figure 4.11.
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TABLE 4.8: Mean and standard deviations of lesion segmentation Dice scores (%), at dif-

ferent sizes of training data. Best results are in bold. Asterisks indicate statistical signifi-
cance (∗: p≤ 0.05, ∗∗: p≤ 0.01, ∗∗∗: p≤ 0.005) when using a paired Student’s t-test comparing

LesionMix’s performance to baseline methods.

Size Test set TDA[92] CutMix[183] CarveMix[195] LesionMix

MS2008 36.72∗18.07 37.6719.09 36.69∗17.82 38.3017.67

MS2015 71.5911.14 72.817.53 71.339.96 72.3311.41
100% MS2016 57.8517.50 63.2215.04 65.8514.26 65.6214.56

WMH2017 79.1310.59 80.149.69 79.749.94 80.959.45

LiTS 61.9324.30 58.39∗29.40 60.2029.04 63.5124.97

MS2008 35.1121.16 35.8319.55 32.71∗19.95 36.0418.93

MS2015 70.5911.14 71.777.16 67.44∗∗9.78 71.827.40

50% MS2016 55.75∗∗∗17.82 57.90∗∗14.24 62.2716.64 62.6416.26

WMH2017 73.6517.30 74.2612.69 72.45∗18.25 75.6517.60

LiTS 52.4029.21 49.60∗31.32 51.9827.99 52.5929.18

MS2008 34.3521.49 33.8620.21 30.64∗21.17 34.5120.04

MS2015 66.09∗∗8.82 67.69∗6.10 67.12∗8.13 70.738.20

25% MS2016 55.72∗∗18.78 58.2415.67 60.6417.67 60.9416.66

WMH2017 71.50∗17.88 72.0214.29 72.1216.95 73.9215.81

LiTS 29.88∗∗∗26.52 36.35∗30.12 36.7729.45 39.2530.01

MS2008 28.77∗∗17.77 31.3218.28 29.57∗21.66 32.2822.11

MS2015 63.97∗∗9.97 64.97∗10.15 58.10∗∗∗13.35 67.1310.73

10% MS2016 43.07∗∗∗17.03 49.58∗∗∗13.65 50.34∗∗∗13.71 61.0215.56

WMH2017 71.1616.70 70.18∗14.79 67.80∗∗19.97 72.0315.48

LiTS 24.23∗∗∗25.76 27.99∗29.26 20.53∗∗∗26.84 30.1227.47

4.2.5 Discussion and Conclusion

We present LesionMix, a simple lesion-level data augmentation method which is capable

producing diverse lesion distributions even when only one image is provided. LesionMix is

aware of the lesion likelihood distribution and augments lesions with respect to that spatial

distribution. Furthermore, our framework can produce augmented data with varying lesion

load. LesionMix improves segmentation performance against other mix-based augmenta-

tion methods across datasets of different modalities and organs. Our method is modality-

and organ-agnostic and can serve as a useful tool for medical image segmentation.

LesionMix improves on other mix-based augmentation methods with its increased atten-

tion to organ and disease-specific features, such as lesion and organ awareness, and regard

for spatial distribution of lesions. However, our framework can be improved to generate

even more anatomically aware augmented samples. For example, multiple sclerosis lesions
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occur more frequently in the white matter region of the brain. This can be used as a condi-

tion for lesion population after using tools such as FSL [96] or SynthSeg [21] to extract the

white matter region. However, the required computation for each subject would come at a

cost of increasing the duration of the augmentation process.

An important finding of this work is the study on different lesion load distributions.

Augmenting data while keeping in mind of the effect on load distribution and therefore

class balance is a novel attribute of our work. We draw attention to Table 4.7, and see that

a dataset which has uniform distribution of lesion volumes outperforms others across the

majority of datasets, including the real distribution of the original data. Our work sets an

example on a possible avenue that can be taken for reducing the effect of the class imbalance

problem in medical imaging tasks.
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Chapter 5

Learning from Heterogeneous Data

This chapter contains material from:

1. Basaran, B.D., Zhang, X., Matthews, P.M., Bai, W., 2024, October, SegHeD: Seg-

mentation of Heterogeneous Data for Multiple Sclerosis Lesions with Anatom-

ical Constraints. In International Workshop on Longitudinal Disease Tracking

and Modelling with Medical Images and Data (LDTM). Cham: Springer Inter-

national Publishing.

2. Basaran, B.D., Matthews, P.M. and Bai, W., 2024. SegHeD+: Segmentation of

Heterogeneous Data for Multiple Sclerosis Lesions with Anatomical Constraints

and Lesion-aware Augmentation. arXiv preprint arXiv:2412.10946.

5.1 Introduction

The accurate identification and measurement of MS lesions in brain MR images is essential

for clinical diagnosis and research. While many lesion segmentation methods have been

proposed in recent years, such as those based on machine learning, they are often trained on

well-curated datasets with a consistent data format [28, 43, 44]. Clinical studies on MS in-

volve gathering imaging data from different sources, resulting in a variety of dataset styles,

being cross-sectional or longitudinal, or segmenting specific types of lesions. This diversity

makes it challenging to use off-the-shelf segmentation models effectively [82, 92]. There is

a lack of specialised approaches designed to handle lesion segmentation when dealing with

such diverse dataset types and annotations. Efforts to bridge this gap are crucial for advanc-

ing the performance and applicability of lesion segmentation models in MS research and
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clinical practice.

In this study, we introduce SegHeD, a novel brain lesion segmentation model that learns

from multiple datasets and for multiple tasks simultaneously, leveraging heterogeneous

data for model training. SegHeD enables the incorporation of information from both single-

timepoint (cross-sectional) and multiple-timepoint (longitudinal) images, as well as from

annotations for various types of lesions, including all, new, and vanishing lesions [142].

We highlight the importance of the overlooked segmentation task of vanishing lesions,

as they can be a critical biomarker for differentiating MS from other neurodegenerative

diseases [8, 84], and provide insight into the biological processes of MS at different age

groups [29]. Our model integrates temporal and volumetric constraints, along with anatom-

ical constraints, to improve the plausibility of the segmentated lesions. In model training,

we incorporate a lesion-level data augmentation method, which allows the generation of

synthetic lesion images to enlarge the training set. Experimental results demonstrate that

SegHeD achieves competitive performance compared to current state-of-the-art (SOTA) ap-

proaches for MS lesion segmentation.

5.1.1 Related Work

5.1.1.1 Longitudinal Lesion Segmentation

Several advancements have been made in machine learning techniques for segmenting

cross-sectional brain lesion images [15, 99]. However, longitudinal lesion segmentation,

which capitalises on temporal information within longitudinal imaging data, remains rel-

atively underexplored. Elliott et al. utilises the difference map between two timepoints to

identify new lesions at the second time point [63]. Jain et al. also leverages the difference

map and devises an expectation maximisation framework to jointly segment lesions at both

timepoints [95]. Denner et al. incorporates a displacement field to capture spatiotemporal

changes between timepoints [54]. Additionally, we propose our new lesion segmentation

method using an nnU-Net model [92] in Chapter 3.

5.1.1.2 Learning from Heterogeneous Data

Publicly available datasets for brain lesion segmentation come in various styles. Some

datasets are cross-sectional, consisting of scans from a single timepoint, while others are
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longitudinal, including scans from two or more timepoints. This diversity poses a signifi-

cant challenge when developing a universal machine learning model that can accommodate

different data formats. Wu et al. suggests learning from diverse data for both all-lesion and

new-lesion segmentation by incorporating relation regularisation into the prediction of all

lesions [178]. Liu et al. develops a multi-organ segmentation model by training it on 13 dif-

ferent organ datasets and integrating CLIP-inspired label encoding techniques [120]. Shi et

al. introduces a marginal loss and an exclusion loss to train a unified multi-organ segmenta-

tion model using multiple partially annotated datasets [157]. Iglesias et al. proposes a gen-

erative label fusion algorithm that unifies atlases with different labelling protocols, enabling

accurate automatic segmentation and the creation of new labels by leveraging overlaps in

underlying annotations [91]. With the increasing amount of data and available resources,

training a universal model from multiple heterogeneous datasets is becoming more and

more popular whilst showcasing impressive results [26, 118].

5.1.1.3 Enforcing Anatomical Plausibility

The incorporation of anatomical plausibility within machine learning models enhances the

reliability and trustworthiness of the trained models for clinical use. Anatomical constraints

have been introduced into machine learning frameworks in a variety of techniques. Dalca et

al. introduces a model incorporating a variational auto-encoder to acquire location-specific

priors for segmenting brain structures [51]. Strumia et al. restricts lesion segmentation to

the white matter by leveraging a geometric brain model [127]. On the other hand, Agn et

al. proposes priors on brain tumuors using convolutional restricted Boltzmann machines

for accurate brain tumour segmentation [2]. Lastly, Hirsh et al. utilises a multi-prior net-

work alongside tissue probability maps for segmenting MRI head anatomy [86]. Producing

anatomically plausible results is critical in ensuring the minimisation of false positives, and

promotes the clinical adoption of the developed models.

5.1.2 Contributions

In this work, we propose SegHeD, a multi-task segmentation model that can segment

all, new, and vanishing lesions by learning from heterogeneous datasets while leveraging
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anatomical constraints and lesion-aware data augmentation. The proposed model demon-

strates promising results in all and new lesion segmentation, and sets a benchmark for the

overlooked task of vanishing lesion segmentation. The main contributions in this chapter

are summarised as follows:

• We offer a comprehensive framework that takes into consideration diverse data types

and annotation protocols, accounting for cross-sectional and longitudinal images, and

all, new, and vanishing lesion labels.

• We tackle various tasks concurrently, while most state-of-the-art brain lesion segmen-

tation methods take a homogeneous segmentation approach, segmenting a single type

of lesions. In addition to all and new lesions, we also account for vanishing (disap-

pearing) lesions, an aspect overlooked in previous studies.

• We incorporate domain knowledge about MS lesion segmentation via a novel combi-

nation of losses, accounting for the longitudinal relation between newly forming and

vanishing lesions between timepoints, the volumetric change of lesions, and constrain-

ing lesion segmentation to anatomically plausible regions.

• We utilise a lesion-level augmentation method to expand the training dataset, which

is able to augment both cross-sectional and longitudinal images with new label avail-

abilities.

5.2 Methods

5.2.1 Overall Architecture

SegHeD+ is a versatile model designed to learn from heterogeneous MS imaging data. Re-

garding data heterogeneity, it considers two types of image dataset styles: cross-sectional

and longitudinal. Regarding label heterogeneity, the model accommodates three annotation

protocols: all-lesion annotation, new-lesion annotation (which annotates only new lesions

in the second scan), and vanishing-lesion annotation (which annotates lesions that disap-

pear in the second scan). The latter two protocols concentrate on the longitudinal changes

of lesions and refrain from annotating all lesions to optimize time efficiency. SegHeD+ is
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designed to tackle all three annotation tasks simultaneously. The overall framework of the

method is depicted in Figure 5.1.

Heterogeneous images Heterogeneous labels

Cross-sectional Longitudinal New lesion 

labels

Baseline and new 

lesion labels

Vanishing lesion 

labels

SegHeD+

Cross-sectional

data output

Input brain images

yt1

if available

st2sa st2snst1sa

xt2

yt1ya

xt1

xt2xwm

st2sv

Longitudinal data output

FIGURE 5.1: Visualisation of the proposed framework. SegHeD+ learns from heterogeneous
datasets varying in image and label formats. SegHeD+ takes up to four inputs, and can
analyse cross-sectional and longitudinal data. Four segmentation heads provide binary-class
segmentation to all lesions (red) in two timepoints, and new (green) and vanishing (dashed

blue) lesions in a second timepoint.

We make the assumption that the imaging data consists of two timepoints. SegHeD+

requires 4 input channels: a scan at the first timepoint (baseline), xt1, a scan at the second

timepoint (follow-up), xt2, a label map of all lesions for the first timepoint scan, yt1
a , and a

white matter mask for the second timepoint scan, xt2
wm. In cases of heterogeneous datasets,

not all of the aforementioned inputs may be present. If data for the second timepoint is

missing, the first timepoint data is duplicated as the second, xt2 = xt1. If the label map

for all lesions at the first timepoint is unavailable, yt1
a is substituted with a zero matrix of

the same dimensions as xt1. The white matter mask for the second timepoint, xt2
wm, can be

acquired using a pre-trained brain structure segmentation tool, such as SynthSeg, which is

robust in white matter segmentation even in the presence of lesions [21]. SegHeD+ is trained

to produce 4 outputs: segmentation of all lesions at the first timepoint, st1
a , segmentation of

all lesions at the second timepoint, st2
a , segmentation of new lesions at the second timepoint,

st2
n , and segmentation of vanishing lesions at the second timepoint, st2

v . The segmentation
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process is formulated by

st1
a , st2

a , st2
n , st2

v = F(xt1, xt2, yt1
a , xt2

wm), (5.1)

where F represents the SegHeD+ model. The all-lesion map, yt1
a , is not utilised in cases of

cross-sectional data input. It is only input, when available, to provide temporal context for

second timepoint lesion prediction, and not used for predicting st1
a .

Due to computational constraints, the model handles a maximum of two timepoints as

inputs. In cases where a subject has longitudinal scans with more than two timepoints [?],

a sliding window technique is applied across the timepoints during training and inference.

For example, for case with three timepoints, [t1, t2, t3], we successively provide two time-

points as input to the model, formulated as [t1, t1], [t1, t2], [t2, t3]. The model first processes

images at [t1, t1], i.e. using two channels of identical images as input. After the segmenta-

tion output for t1 is computed, the model processes images at [t1, t2], so that the previous

timepoint t1 can provide temporal information in processing t2. After the output for t2 is

computed, the model further processes two channels of images at [t2, t3]. During inference

for longitudinal images, the all-lesion segmentation of a timepoint, for example st1
a , is used

as an input channel, representing yt1
a , for temporal guidance to obtain the second timepoint

all-lesion segmentation st2
a . SegHeD+ utilises a 3D V-Net architecture [131] and a combined

training loss function that incorporates the Dice loss, a longitudinal constraint loss, a spatial

constraint loss, and a volumetric constraint loss.

5.2.2 Anatomical constraints

SegHeD+ is trained using a mix of loss functions, which we term as anatomical constraints.

This approach is inspired by the way radiologists examine longitudinal images to detect

lesions [88]. Anatomical constraints formulate the relationships in terms of time, space, and

volume for segmenting brain lesions at two different time points.

5.2.2.1 Longitudinal constraints

We utilise the existing information embedded in the lesion annotation protocol: (1) Predicted

new-lesions at the second timepoint, denoted as st2
n , should not exist in the all-lesion label at
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the initial timepoint, yt1
a , but must be included in the all-lesion label at the second timepoint,

yt2
a . (2) Predicted disappearing lesions at the second timepoint, st2

v , must be present in the

all-lesion label at the first timepoint, yt1
a , but should not be present in the all-lesion label

at the second timepoint, yt2
a . These longitudinal constraints are formulated using a mean

squared error loss,

LLong =
1
N

N

∑
i=1
∥yt1

ai
∧ pt2

ni
∥2 +

1
N

N

∑
i=1
∥yt2

ai
⊕ pt2

ni
∥2+

1
N

N

∑
i=1
∥yt1

ai
⊕ pt2

vi
∥2 +

1
N

N

∑
i=1
∥yt2

ai
∧ pt2

vi
∥2,

(5.2)

where N represents the total number of training images, i denotes the index of the image,

∧ represents the element-wise logical AND operation, ⊕ denotes the element-wise logical

XOR operation, and || · ||2 represents the squared L2-norm of a flattened image. The super-

scripts, [t1, t2], for the prediction, p, and label, y, denote the two timepoints used by the

sliding window. In contrast to the regularisation proposed in [178], we apply longitudinal

constraints to predictions of new and vanishing lesions rather than all-lesion predictions. In

cases where datasets are cross-sectional, longitudinal constraints are not enforced.

5.2.2.2 Volumetric constraints

Changes in brain lesion volumes evolve over time. Lesions can grow, shrink, appear, and/or

vanish. Both change in lesion volume and lesion count provide important biomarkers for

disease progression [65, ?, ?]. Unfortunately, a subject with MS can have both hundreds of

small lesions or few large lesions, showing high variation in lesion count per subject and

over time. This variation can be addressed by measuring total lesion volume change, also

reducing the need for three-dimensional connected component analysis during training. To

address the correlation between lesion volumes at two different timepoints, a volumetric

constraint loss is proposed. This loss penalises significant discrepancies in lesion volume. It

permits variations in lesion volume to either rise or fall [155, 72, 65] within specified thresh-

olds, denoted as αhigh and αlow. The penalty is enforced only when the volume alteration
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exceeds these predefined thresholds. The volumetric constraint loss is formulated as

LVol =



























1
N ∑

N
i=1(V

t2
ai
− αhigh ·V

t1
ai
)2 if Vt2

ai
≥ αhigh ·V

t1
ai

1
N ∑

N
i=1(V

t2
ai
− αlow ·V

t1
ai
)2 if Vt2

ai
≤ αlow ·V

t1
ai

0 otherwise,

(5.3)

where Vt1
ai

and Vt2
ai

represent the total volume of lesions at the first timepoint and second

timepoint for the i-th image, respectively. Lesion volumes are calculated by taking a sum of

the lesion maps, as 0’s represent healthy, and 1’s represent lesion tissues. To our knowledge,

there is no research on the extent to which lesion volume might decrease over time. We

determine αlow to be 0.8 based on an examination of the largest reduction in lesion volume

in a longitudinal MS dataset [?]. Likewise, using the same MS dataset, we established αhigh

to be 1.2. These values are in line with existing medical literature [135] for annual rate of

white matter lesion change. Therefore, values αhigh and αlow are defined for the annual rate

of change, and can be modified when using for subjects that are scanned at a non-annual

rate. A sensitivity study on αhigh and αlow supported setting these hyperparameters to 1.2

and 0.8, respectively. When working with a cross-sectional dataset, as input xt2 = xt1, we

expect outputs st1
a and st2

a to be equal. As such, in cases of cross-sectional data input, we set

αhigh and αlow to 1 in order to guide the network to generate identical outputs.

5.2.2.3 Spatial constraint

MS affects the central nervous system of the body, where lesions may present themselves in

the spinal cord, white matter, and rarely in the gray matter of the brain [?], alongside lead-

ing to gray matter atrophy. Studies demonstrate cognitive impairment in neurodegenerative

diseases is significantly associated to white matter lesions in the brain [?]. As such, we do

not consider gray matter atrophy, or lesions in the spinal cord during training or inference.

Additionally, the spinal cord is excluded in most MS datasets. White matter lesions appear

as hyperintense regions on FLAIR MR images [110]. To integrate this information into our

framework, we adopt two approaches: first, by utilizing the white matter mask, xt2
wm, as an

input channel for SegHeD+ to benefit from the information of anatomical structure; and sec-

ondly, by creating a spatial relation loss function, where we further penalises false positive
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segmentations which lie outside of the white matter region. This function is defined as the

mean squared error between the segmented lesions, s, which are located outside the white

matter, xt2
wm, and a zero matrix of the same dimensions as the image:

LSpat =
1
N

N

∑
i=1
∥p⊕ (1− xt2

wmi
)∥2. (5.4)

The total loss, L, is defined as

L =











LDice if n <

nepochs

2
,

LDice + λL · LLong + λV · LVol + λS · LSpat if n ≥
nepochs

2
,

(5.5)

where LDice represents the Dice loss, n stands for the epoch, nepochs represents the total num-

ber of epochs for training, and λLong, λVol, and λSpat are parameters used for weighting. We

employ a curriculum learning strategy [18] and introduce the complete loss after half the

number of epochs.

5.2.3 Lesion-aware data augmentation

Apart from learning from heterogenous datasets, we also enlarge the training set and lesion

diversity by performing data augmentation. On top of traditional data augmentation tech-

niques, we employ LesionMix, our lesion-aware data augmentation method introduced in

Section 4.2.

LesionMix was originally proposed for augmenting cross-sectional brain images. Here

we employ it to augment both cross-sectional and longitudinal brain images. LesionMix

complements SegHeD+ in three manners. First, it can generate both new lesions and van-

ishing lesions, thus increasing the diversity of the the various labels SegHeD+ can analyse in

heterogeneous datasets. This both increases dataset variance, and reduces the effect of label

imbalances which may occur from one type (new lesions) appearing more than another one

(vanishing lesions). Second, its lesion populating and inpainting strategy along with lesion

mask output allows for synthetic generation of longitudinal data. Lesions can be populated

at the second timepoint as new lesions, or inpainted as vanishing lesions. Finally, Lesion-

Mix operates by populating or inpainting lesions to a predetermined lesion load, thus can
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FIGURE 5.2: Example outputs of LesionMix augmentation. Red labels denote lesions which
are present in the original image; green labels denote new-lesion generated in the augmented
image; blue labels denote vanishing-lesions which have been inpainted from the original

image. Images best viewed online.

control lesion volume for augmented images [15]. By integrating LesionMix with the vol-

umetric constraint knowledge and uniformly sampling between the lesion volume increase

and decrease thresholds, αhigh and αlow, we set a target load for an image, and augment it to

generate an augmented second timepoint. We refer the reader to [15] for more implemen-

tation details of LesionMix. Here, we present example outputs of LesionMix augmentation

in Figure 5.2.

5.3 EXPERIMENTS

5.3.1 Datasets

We curate five datasets of brain lesions from MS patients that exhibit heterogeneities in data

format and annotation. The first three datasets are publicly available. For all datasets, we

utilise the FLAIR modality as it is the common modality among the datasets.
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ISBI 2015 MS lesion dataset (MS2015) [28] is a public longitudinal MS brain MRI dataset.

The training set consists of 5 subjects, four of which with four timepoints, and the fifth sub-

ject with five timepoints, totaling 21 scans with respective annotations for all-lesions. The

annotations of the test set are not publicly available. We split the original training set of 21

images into a training subset of 13 images, and a test subset of 8 images. All subjects are

scanned using the same 3T Philips Medical Systems scanner, with follow-up scans acquired

at a mean of 1 year intervals. The dataset is provided preprocessed with inhomogeneity cor-

rection using N4, skull-stripping, dura-stripping, followed by a second N4 inhomogeneity

correction, and rigid registration to 1mm isotropic MNI template.

MICCAI 2016 MS lesion dataset (MS2016) [44] is a public cross-sectional MS brain MRI

dataset. The training dataset comprises of 15 subjects, with respective annotations for all-

lesions. The test set is not publicly available with annotations. We split the original training

set of 15 images into a training subset of 11 images, and a test subset of 4 images. Subjects

are scanned using a variety of scanners, including five subjects from Siemens Verio 3T, five

subjects from Siemens Aera 1.5T, and five subjects from Philips Ingenia 3T MRI machines.

A pre-processed dataset is provided by the organisers, which includes denoising using non-

local means algorithm [48], rigid-registration onto the FLAIR image via block-matching [47],

brain extraction using the volBrain platform [128], and bias field correction using the N4

algorithm [167].

MICCAI 2021 MS new-lesion segmentation challenge dataset (MSSEG-2) [43] is a pub-

lic longitudinal MS brain MRI dataset. The training and testing datasets comprises of 40 and

60 subjects, respectively. Each subject is scanned at two timepoints, with only new-lesion an-

notations in the second timepoint to save the annotation cost. Second timepoint scans are

images 1 to 3 years after the first one. A total of 15 different MRI scanners are represented,

including 1.5T and 3T machines from General Electric, Philips, and Siemens MRI machines.

The Anima-based1 MSSEG-2 longitudinal pre-processing script is implemented, which in-

cludes an atlas-based brain extraction tool [56], followed by N4 bias field correction [167].

MSSEG-2+ is a private longitudinal MS brain MRI dataset which is derived from

MSSEG-2. It follows the same images, dataset structure and pre-processing protocol as

MSSEG-2. MSSEG-2+ comprises of all-lesion annotations in the first timepoint, provided

1Anima scripts: RRID:SCR_017072, https://anima.irisa.fr
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by an expert using ITK-SNAP [184], along with the annotations for new lesions at the sec-

ond timepoint.

VAN is a private longitudinal MS brain MRI dataset derived from MSSEG-2. In order

to address the lack of public datasets for vanishing lesions, VAN is created by simulating

vanishing lesions by the inversion of timepoints in the MSSEG-2 dataset. Consequently,

new lesions at the second timepoint are transformed into lesions that disappear from the

first timepoint. The timepoint inversion is done after the pre-processing pipeline defined in

the MSSEG-2 dataset description.

These datasets consist of lesion images obtained from diverse MR scanners with varying

annotation procedures. Currently, a longitudinal dataset with annotated all, new, and van-

ishing lesions does not exist. Therefore, a split from each dataset is held-out for testing and

not used during training. In total, we benchmark our method using 192 FLAIR MR images.

The high variance in medical scanners, voxel spacing, and image sizes within both the train-

ing and testing datasets diminishes cross-domain effects. Additional information on the

datasets, including the division of training and test sets used, is available in Table 5.1. Dur-

ing preprocessing, all images are resampled to a voxel spacing of 1× 1× 1 mm3, followed

by white matter extraction using SynthSeg [21] and rigid registration to the MNI template

space [66].

TABLE 5.1: Summary of the five datasets used for model training and evaluation, which
contains different data formats (Image availability) and annotation styles (Label availabil-
ity). Yt1

a : first timepoint all lesion labels, Yt2
a : second timepoint all-lesion labels, Yt2

n : second
timepoint new-lesion labels, Yt2

v : second timepoint vanishing-lesion labels.

Dataset Image availability Label availability

Name Train images Test images Cross-sectional Longitudinal Yt1
a Yt2

a Yt2
n Yt2

v

MS2015 13 8 - ✓ ✓ ✓ - -
MS2016 11 4 ✓ - ✓ - - -
MSSEG-2 40 60 - ✓ - - ✓ -
MSSEG-2+ 40 60 - ✓ ✓ - ✓ -
VAN 40 60 - ✓ - - - ✓

Total 144 192
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5.3.2 Implementation details

5.3.2.1 Network and hyperparameters

SegHeD+ is constructed using a 3D V-Net architecture [131] with five downsampling layers,

and four heads in the final layer for the four lesion segmentation tasks. It is implemented

using PyTorch 2.2 and trained on Nvidia Tesla T4 GPUs. Training and inference is performed

with an image patch size of 96 × 96 × 96, which shows optimal performance taking into

consideration GPU constraints. The model is trained from scratch using the Adam optimizer

with a learning rate of 0.001 for 20,000 epochs. The hyperparameters λL, λV , and λS were

empirically set to 2, 1, and 1, respectively.

An important consideration in the network is the aid of the all-lesion label, yt1
a in guiding

temporal segmentation. As mentioned, this label is not utilised for cross-sectional input. For

temporal segmentation tasks, such as in MS2015, we provide this input 50% of the the time

during training for longitudinal data. This ensures that the network does not become overly

dependent on the label for guiding the second timepoint all-lesion segmentation, st2
a . For

testing, we report results for when yt1
a is, and is not input for longitudinal inference.

5.3.2.2 Data augmentation

Data augmentation is a crucial element in the SegHeD+ pipeline. We perform offline lesion-

level augmentation, LesionMix, followed by on-the-fly traditional data augmentations dur-

ing model training. We implement LesionMix such that we equalise the training data im-

balance in the different datasets in Table 5.1, and increase the size of overall training data.

This is essential, as the dataset imbalance also impacts the overall testing performance for

different segmentation tasks. For example, three of the datasets provide diverse images

for all-lesion segmentation, however, only one dataset provides images for vanishing-lesion

segmentation. While the model becomes more robust and generalisable for the all-lesion

segmentation task, it may suffer in the latter task. Prior to training, we perform offline

LesionMix augmentation using its default parameters as described in [15] with lesion vol-

ume increase and decrease thresholds αhigh and αlow for longitudinal images, defined in

section 5.2.2.2. Table 5.2 reports the training set size after LesionMix is applied. Figure 5.3

portrays the balance between original datasets and LesionMix generated datasets.
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TABLE 5.2: Summary of the augmented five datasets, after LesionMix is applied. Note that
during model training, traditional data augmentation will be further applied on-the-fly. Yt1

a :
first timepoint all lesion labels, Yt2

a : second timepoint all-lesion labels, Yt2
n : second timepoint

new-lesion labels, Yt2
v : second timepoint vanishing-lesion labels.

Dataset Image availability Label availability

Name Train images Test images Cross-sectional Longitudinal Yt1
a Yt2

a Yt2
n Yt2

v

MS2015 80 8 - ✓ ✓ ✓ ✓ ✓

MS2016 80 4 ✓ ✓ ✓ ✓ ✓ ✓

MSSEG-2 80 60 - ✓ - - ✓ ✓

MSSEG-2+ 80 60 - ✓ ✓ ✓ ✓ ✓

VAN 80 60 - ✓ - - ✓ ✓

Total 400 192

0 10 20 30 40 50 60 70 80
Total training images

MS2015
MS2016

MSSEG-2
MSSEG-2+

VAN

13 67
11 69

40 40
40 40
40 40

Real and Augmented Training Dataset Ratios
Real
Augmented

FIGURE 5.3: Visual illustration of the size of original training data and LesionMix-
augmented training data.

During training, we implement on-the-fly traditional data augmentation methods, in-

cluding flipping and rotation in three dimensions, elastic deformation, brightness adjust-

ments (additive and multiplicative), and additive Gaussian noise using the batchgenerators

framework2. Five-fold cross-validation is performed, creating an ensemble of five trained

models. After training, for each fold, we select the model which produces the highest Dice

score. Lesion segmentation performance is evaluated on the test set using an ensemble of

the five trained models by averaging their softmax outputs before binary classification for

each segmentation head.

2https://github.com/MIC-DKFZ/batchgenerators
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5.3.3 Evaluation metrics

We evaluate the performance of SegHeD+ in terms of lesion segmentation, where we mea-

sure segmentation overlap, and lesion-wise detection. Lesion segmentation performance is

evaluated using the Dice similarity coefficient, and lesion detection is assessed using the

lesion-wise F1 score, both described in 2.3.

The Dice and F1 scores are calculated using the animaSegPerfAnalyzer2 function of the

Anima analyzer tool3, as provided by the organizers of the MSSEG-2 challenge to ensure a

fair comparison with other methods. Post-processing is performed using the default settings

of animaSegPerfAnalyzer, which filters out lesion volumes smaller than 3mm3. A lesion is

classified as detected (true positive) when the automated detection intersects with a min-

imum of 10% of the ground truth lesion volume and does not exceed 70% of the volume,

following the practice in [44]. These parameters are consistent with the MSSEG-2 challenge

evaluation protocol [13, 101], for fair comparison to challenge competitors.

5.3.4 Results

SegHeD+ is a model capable of performing three segmentation tasks, namely all-lesion, new

lesion and vanishing lesion segmentations. We assess its performance across multiple tasks

and compare it with state-of-the-art task-specific segmentation approaches such as nnU-

net [92], nnFormer [196], UNETR [82], a recent method for learning from heterogeneous

data called CoactSeg [178], a previous iteration of this work, SegHeD [16], which does not

feature LesionMix augmentation, and methods specifically tailored for new lesion segmen-

tation [195, 13], as presented in Table 5.3. It has to be noted that only SegHeD and SegHeD+

are capable of performing all three tasks simultaneously. The task-specific SOTA methods

undergo two rounds of training: one for the all-lesion segmentation task using the MS2015

and MS2016 datasets, and another for the new-lesion segmentation task using the MSSEG-2

dataset. CoactSeg [178] is trained only once, as it can handle data input and inference for

all-lesion and new-lesion segmentation. For new lesion segmentation with the MSSEG-2

dataset, we present Dice scores for MedICL [191], Basaran [13], and the average score from

four human experts, denoted as ªAvg. of Experts", officially reported by the challenge or-

ganizers [43]. The ªAvg. of Experts" can be regarded as the upper bound performance

3Anima scripts: RRID:SCR_017072, https://anima.irisa.fr
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for new-lesion segmentation on MSSEG-2. Additionally, we include lesion-wise F1 scores

in Table 5.4, as per the guidelines of the MSSEG-2 challenge. Example segmentations are

compared in Figure 5.4, with more examples provided in the Figure 5.5.

TABLE 5.3: Mean and standard deviations of lesion segmentation Dice scores (%). Best re-
sults are in bold. N/A: output not available for the given method. ⋆ indicates that yt1

a was
used for longitudinal all-lesion segmentation. ²: Methods where two models need to be
trained, one for all-lesion and one for new-lesion segmentation. ³: Not trained on MSSEG-
2+. Asterisks indicate statistical significance (∗: p≤ 0.05, ∗∗: p ≤ 0.01, ∗∗∗: p ≤ 0.005) when
using a paired Student’s t-test comparing SegHeD+’s performance to benchmarked meth-

ods.

Segmentation task (lesion type)

All New All&New Vanishing

Type Method MS2015 MS2016 MSSEG-2 MSSEG-2+ VAN

New-
lesion
methods

MedICL [191] N/A N/A 50.6729.38 N/A N/A
Basaran et al. [13] N/A N/A 51.0628.92 N/A N/A
LaBRI-IQDA [43] N/A N/A 49.8229.96 N/A N/A
Avg. of Experts [43] N/A N/A 55.5234.43 N/A N/A

Task-
specific
SOTA

nnU-Net [92] ² 73.01∗∗∗4.91 74.87∗∗∗7.54 48.8931.20 N/A N/A
nnFormer [196] ² 72.56∗∗∗7.15 74.12∗∗∗8.52 47.01∗33.39 N/A N/A
UNETR [82] ² 72.79∗∗∗6.13 73.78∗∗∗7.98 45.51∗∗30.84 N/A N/A
TransBTS [173] ² 72.60∗∗∗8.00 74.03∗∗∗8.34 46.58∗30.07 N/A N/A
TransUNet [33] ² 70.98∗∗∗7.29 73.15∗∗∗8.99 41.48∗∗∗33.32 N/A N/A

Hetero-
geneous
methods

CoactSeg [178] ³ 71.28∗∗∗8.24 71.31∗∗∗9.15 47.3538.12 58.54∗∗∗18.54 N/A
SegHeD [16] 74.876.13 84.737.12 48.6433.81 65.5119.67 35.2320.62
SegHeD+ 78.576.71 85.187.10 50.5231.29 66.8318.98 43.8418.04

5.3.4.1 All-lesion segmentation

The ªAll" columns in Table 5.3 and Table 5.4 demonstrate that SegHeD+ achieves signifi-

cantly better performance in all-lesion segmentation compared to benchmark methods, in

terms of the Dice score and F1 score. On the longitudinal MS2015 dataset with all-lesion

labels, SegHeD+ achieves Dice and F1 scores of 76.39% and 77.45%, respectively, present-

ing exceptional performance in lesion segmentation and detection, and significantly outper-

forming state-of the art models and CoactSeg. A component of SegHeD+ which improves

longitudinal all-lesion segmentation performance is the inclusion of the previous timepoint

segmentation as an input channel for the following timepoint prediction. This acts as a
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TABLE 5.4: Mean and standard deviations of lesion detection F1 scores (%), in accordance
with the MSSEG-2 challenge [43]. Best results are in bold. ⋆ indicates that yt1

a was used for
longitudinal all-lesion segmentation. ²: Methods where two models are trained, one for all
lesion and one for new lesion segmentation. ³: Not trained on MSSEG+. Asterisks indicate
statistical significance (∗: p≤ 0.05, ∗∗: p ≤ 0.01, ∗∗∗: p ≤ 0.005) when using a paired Student’s

t-test comparing SegHeD+ to competing methods.

Segmentation task (lesion type)

All New All&New Vanishing

Type Method MS2015 MS2016 MSSEG-2 MSSEG-2+ VAN

New-
lesion
methods

MedICL [191] N/A N/A 49.98∗32.78 N/A N/A
Basaran et al. [13] N/A N/A 55.2534.81 N/A N/A
LaBRI-IQDA [43] N/A N/A 51.51∗32.63 N/A N/A
Avg. of Experts [43] N/A N/A 61.6237.11 N/A N/A

Task-
specific
SOTA

nnU-Net [92] ² 75.81∗∗∗3.36 69.46∗∗∗11.44 54.1533.97 N/A N/A
nnFormer [196] ² 73.59∗∗∗5.04 68.13∗∗∗15.51 48.1233.53 N/A N/A
UNETR [82] ² 73.00∗∗∗4.92 70.12∗∗∗14.18 45.93∗∗39.24 N/A N/A
TransBTS [173] ² 73.94∗∗∗5.89 68.92∗∗∗14.77 46.10∗∗36.80 N/A N/A
TransUNet [33] ² 72.90∗∗∗6.02 68.25∗∗∗14.90 42.47∗∗∗38.51 N/A N/A

Hetero-
geneous
methods

CoactSeg [178] ³ 74.51∗∗∗4.77 69.23∗∗∗14.26 47.23∗36.45 54.31∗∗∗27.91 N/A
SegHeD[16] 75.654.74 76.1410.97 53.2734.70 59.2028.10 39.4828.41
SegHeD+ 79.353.53 76.8210.83 55.0233.20 60.3928.10 46.0221.50

temporal guide for the network, and we see that predicted lesion volumes from SegHeD+

closely track the ground truth from the second timepoint onwards, explored in 5.3.6.

On the cross-sectional MS2016 test dataset, SegHeD+ achieves a Dice score of 85.18%,

which is over 10% higher than task-specific models and CoactSeg. Likewise, in lesion de-

tection, SegHeD+ obtains an F1 score of 76.82%, significantly outperforming SOTA. The im-

provements in the MS2015 and MS2016 dataset all-lesion segmentation performance can be

attributed to various factors. Firstly, SegHeD+ enables the incorporation of heterogeneous

data inputs, thus allowing for the inclusion of a larger number of images for model training.

This allows for better model generalisation, as the model learns from more diverse images

and from different scanners. We investigate the effect of this further in Section 5.3.5.3 and Ta-

ble 5.6. Secondly, the integration of domain knowledge encoded via anatomical constraints

contributes to the reduction of false positives and false negatives. Figure 5.4 illustrates a

qualitative comparison between SegHeD+ and selected benchmark methods, where we see

a reduced amount of false positive and false negative segmentations.



106 Chapter 5. Learning from Heterogeneous Data

5.3.4.2 New-lesion segmentation

The ªNew" column in Table 5.3 demonstrates SegHeD+’s comparable performance to meth-

ods tailored for specific tasks and CoactSeg in the segmentation of new lesions. SegHeD+

achieves a Dice score of 50.52% and an F1 score of 55.02%, outperforming all SOTA and het-

erogeneous methods, and scoring slightly lower than the top methods tailored specifically

for the new-lesion segmentation. Despite this SegHeD+ showcases the ability to handle

multiple tasks using a single model.

5.3.4.3 Vanishing-lesion segmentation

The challenge of this task lies in the combined modeling of vanishing lesions along with all

and new lesions. There are currently no established methods for segmenting disappearing

lesions. As the last column of Table 5.3 shows, SegHeD+ achieves a Dice score of 43.84% in

this challenging task, showcasing an impressive improvement over SegHeD. This is largely

attributed to the incorporation of LesionMix augmentation, providing additional vanishing

lesions examples in the augmented datasets 5.2. The asymmetry between the new and van-

ishing lesion segmentation Dice scores are due to two reasons. Firstly, new and all-lesion

detection overlap in common features, making the task of new lesion segmentation easier.

For new and all lesion segmentation, the network searches for hyperintense regions with

respect to surrounding tissues. On the contrary, vanishing lesions manifest as normal tissue

intensities, and require segmentation of hypo-intense tissue with respect to a previous time-

point. This contrast deems vanishing lesion segmentation to be more challenging than new

lesion segmentation when combined with all lesion segmentation. Secondly, new-lesion de-

tection is supported by two datasets (MSSEG-2, MSSEG-2+) in contrast to one vanishing

dataset (VAN), thus utilising more new-lesion data. We believe that the results presented

here provide useful insights for future work in dataset curation and benchmarking efforts.

5.3.5 Ablation studies

Ablation studies are conducted to examine various loss terms and the white matter mask

input channel, LesionMix data augmentation, and effect of heterogeneous dataset inclusion.
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FIGURE 5.4: Qualitative comparison of all-lesion (top row) and new-lesion (bottom row) seg-
mentation performance. Yellow regions denote false positive segmentations, whereas cyan
regions denote false negative segmentations. SegHeD+ exhibits fewer false segmentations.

Best viewed online.

5.3.5.1 Effect of loss functions and white matter mask

We provide the ablation results of the proposed loss functions in Table 5.5. Each loss com-

ponent plays a role in improving segmentation performance. Notably, new and vanishing-

lesion segmentation performance increases when LLong is introduced, all-lesion segmenta-

tion performance increases when LVol is introduced, and an overall increase occurs when

LSpat and xt2
wm are presented. In general, they lead to over 4% increase in the Dice score for

all-lesion segmentation on MS2015 and MS2016, and over 5% improvement for new-lesion

segmentation on the MSSEG-2 dataset.

5.3.5.2 Effect of lesion-level data augmentation

We also assess the effect of incorporating LesionMix as an offline data augmentation method.

In the final row of Table 5.5, we notice an overall increase in Dice score across all five

datasets. Notably, LesionMix aids in segmenting vanishing lesions the most, boosting seg-

mentation from 35% to 43% on the VAN dataset. This is expected, as LesionMix provides

many augmentations with vanishing lesions across varying datasets, seen in Table 5.2.
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FIGURE 5.5: SegHeD+ is capable of simultaneous multi-task segmentation (Rows 3 to 6).
Some tasks do not show new/vanishing-lesions predictions as they are not present at the
given slice. ªNot available" denotes no ground truth annotation for comparison. A: Dataset
where all-lesion labels are available for first and second timepoints. B: Dataset where first
timepoint all-lesion label and second timepoint new-lesion label are available. C: Dataset

where second timepoint vanishing-lesion label is available.

5.3.5.3 Effect of integrating heterogeneous datasets

We carry out an ablation study to analyse the effect of integrating heterogeneous datasets

for lesion segmentation model training. This is performed with the proposed anatomical

constraints and LesionMix augmentation. The impact on lesion segmentation when includ-

ing varying amounts of heterogeneous data is presented in Table 5.6. When using only the
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TABLE 5.5: Ablation study of proposed longitudinal, volumetric, and spatial loss functions
(LLong, LVol , LSpat), white matter mask input channel (xt2

wm), and LesionMix augmentation.

Ablation components Dice score (%)
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ix Segmentation task (lesion type)

All New All&New Vanishing

MS2015 MS2016 MSSEG-2 MSSEG-2+ VAN

- - - - - 72.987.25 76.939.01 45.2838.54 60.2520.04 30.9727.34
- - - ✓ - 73.358.26 77.409.05 46.1537.06 61.8020.90 31.5026.60
✓ - - - - 73.846.99 77.388.99 48.5534.80 64.8621.12 33.8828.97
✓ ✓ - - - 75.257.83 81.998.03 48.4935.00 65.0120.21 34.5230.63
✓ ✓ ✓ - - 77.636.62 82.717.42 48.5634.04 65.2019.79 34.9028.57
✓ ✓ ✓ ✓ - 77.956.93 84.737.12 48.6433.81 65.5119.07 35.2320.62
✓ ✓ ✓ ✓ ✓ 78.576.71 85.187.10 50.5231.29 66.8318.98 43.8418.04

MS2015 and MS2016 datasets, we still see an improvement over task-specific SOTA meth-

ods due to the addition of anatomical constraints and additional augmentation. Most sig-

nificantly, we notice an increase in performance when datasets with overlapping tasks are

added. For example, when the MSSEG-2+ dataset is added, which includes the all and new-

lesion segmentation tasks specifically, we see an improvement in all-lesion segmentation, as

well as new-lesion segmentation.

TABLE 5.6: Ablation study showing improved performance when integrating heterogeneous
datasets. All studies are implemented with anatomical constraints and LesionMix augmen-

tation. N/A: output not available for the given dataset.

Datasets included Dice score (%)
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V
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N Segmentation task (lesion type)

All New All&New Vanishing

MS2015 MS2016 MSSEG-2 MSSEG-2+ VAN

✓ ✓ - - - 76.815.41 79.607.18 N/A N/A N/A
- - ✓ - - N/A N/A 49.8231.02 N/A N/A
✓ ✓ ✓ - - 77.346.19 79.987.39 48.2032.58 62.1818.47 N/A
✓ ✓ ✓ ✓ - 78.286.58 85.266.94 50.3930.58 67.2118.20 N/A
✓ ✓ ✓ ✓ ✓ 78.576.71 85.187.10 50.5231.29 66.8318.98 43.8418.04
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5.3.6 Improved temporal consistency

We carry out a study to analyse the effect on the temporal consistency of lesion segmenta-

tion. Two subjects, each with four longitudinal scans, which were put aside for testing in the

MS2015 dataset are utilised for this analysis. Figure 5.6 illustrates the predicted lesion vol-

umes at various time points for the two individuals under examination. The figure shows

that the lesion volumes estimated by SegHeD+ (depicted in blue) exhibit greater temporal

coherence with the ground truth values (depicted in black) owing to the suggested anatom-

ical constraints, resulting in the highest Pearson’s correlation coefficient with the ground

truth lesion volumes. When the all-lesion segmentations of previous timepoints are intro-

duced in the inference stage, which occurs from the second timepoint onwards, SegHeD+

tracks the ground truth lesion volumes with less error. Enhancing temporal consistency has

potential in aiding subsequent clinically relevant analyses for disease progression, such as

assessing the annual rate of lesion shrinkage or expansion.

FIGURE 5.6: Estimated lesion volumes across four time points for two test subjects. SegHeD+
(blue) results in predictions that are temporally more consistent with the ground truth
(black), compared to competing methods. The ρ value for each method indicates its Pear-

son’s correlation coefficient with the ground truth, the higher the better.

5.4 Discussion

We showcase that by integrating multiple heterogeneous datasets, adopting a multi-task

learning approach, along with anatomical constraints and lesion-aware data augmentation,

we can achieve promising results in multiple tasks simultaneously, including all, new and

vanishing lesion segmentation tasks. While task-specific lesion segmentation models would
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typically focus on learning either hyperintense region features for segmenting new and all

lesions, or hypointense region features for segmenting vanishing lesions, SegHeD+ simulta-

neously learns both types of features, accounting for previous timepoints and surrounding

tissues. SegHeD+ surpasses SOTA brain lesion segmentation models, which are trained in

a task-specific manner, in terms of both lesion segmentation (Dice) and lesion detection (F1)

performance.

There are a few limitations of this work. The first limitation is the relatively high compu-

tational cost during training. Utilising up to four 3D brain images as the model input leads

to high model training times. A promising future avenue is to lower the computational bur-

den associated with high-dimensional and high-resolution medical imaging data. Secondly,

we provide a unique method for simulating a vanishing lesion dataset, VAN, through the

use of a new lesion dataset, MSSEG-2. Vanishing and newly forming lesions show different

lesion dynamics and characteristics [135]. A dedicated clinical dataset for vanishing lesions

would enable more accurate modeling for real-life clinical use.

The case for a unified multi-task model which can outperform task-specific methods is

not yet fully achieved. While SegHeD+ achieves the strongest performance in most of the

tasks and datasets, some new-lesion methods still edge out SegHeD+, as shown in Table 5.3.

This performance gap may be reduced when more training datasets are provided for a spe-

cific task, as seen in Table 5.6. Alongside new and vanishing lesions, growing and shrinking

lesion detection is of paramount importance for analysing the progression of MS. However,

the development of state-of-the-art machine learning methods for clinical applications de-

pend heavily on data availability, and currently there are no public datasets for analysing

growing and/or shrinking MS lesions.

5.5 Conclusion

In this work we introduce SegHeD+, an innovative multi-task approach for segmenting MS

lesions that can effectively learn from diverse and heterogeneous data. SegHeD+ can ac-

curately segment all types of lesions, including new and disappearing ones, in both cross-

sectional and longitudinal datasets. Evaluations on five MS lesion datasets demonstrate

that SegHeD+ achieves superior performance compared to other segmentation techniques
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for segmenting all types of lesions, and shows comparable results for identifying new le-

sions. Considering the current lack of large MS lesion datasets, SegHeD+’s ability to utilise

diverse data sources will significantly enhance current MS imaging research and simplify

the analysis of large-scale multi-site datasets with varying data structures and annotations.



113

Chapter 6

Conclusion

The primary objective of this work was to provide modern solutions to obstacles which hin-

der the adoption of deep learning in brain lesion segmentation, with a focus on white matter

lesions. We identified these obstacles as: (a) the lack of clinically relevant segmentation mod-

els concerning temporal biomarkers for multiple sclerosis, (b) labelled data scarcity, and (c)

the heterogeneity within medical image datasets which hindered generalisability. We pre-

sented four different methods to improve these areas. First, we provided a robust solution to

segmenting newly formed lesions with longitudinal data. We then proposed one generative

and one non-generative method for augmenting medical images to alleviate the scarcity of

labelled brain images. Finally, we put forward a unified model for multiple sclerosis which

is agnostic to data and label availability. The following section discusses the contributions

of our work from a broader perspective, with specific discussions to our solutions in their

respective chapters. We conclude this thesis by considering the future applications of our

work, and outlook of deep learning methods.

6.1 Summary of Contributions

New lesion segmentation for multiple sclerosis brain images with imaging and lesion-

aware augmentation

Medical image segmentation is often driven by the goals and metrics of which natural image

segmentation has, without consideration to the clinical aspect of a disease. This process

leads to clinically and non-statistically significant approaches being developed. In this work,

we focused on one of the leading biomarkers for the progression of multiple sclerosis: new

lesions. We proposed a 3D U-Net for the segmentation of newly formed multiple sclerosis
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brain lesions in follow-up MRI scans. We provided an extensive preprocessing pipeline

along with data augmentation methods which mimicked MRI acquisition imaging artefacts

and augmented images in a lesion-aware manner. Our method outperformed state-of-the-

art proven biomedical image segmentation frameworks, all while not succumbing to the

trade-off between F1 and Dice score metrics. Just as importantly, we introduced metrics

such as average false positive lesion count, providing a clear interpretation of our results to

clinicians.

Subject-specific lesion generation and pseudo-healthy synthesis for multiple sclerosis

brain images

Generative methods have seen increased use in both medical and natural image augmenta-

tion thanks to their potential to create realistic and diverse training samples. This capability

helps mitigate the challenge of limited annotated datasets, enabling models to generalise

more effectively. We presented a cyclic framework for generating lesions and performing

pseudo-healthy synthesis. Rather than generating brain images from scratch, we utilised an

attention decoder to focus on the foreground (lesion) region. Our generated images show-

cased realism in three different ways, through an image quality assessment by expert raters

(Table 4.4), realistic spatial distribution of generated lesions (Figure 4.5), and correlations

between ventricular volume with healthiness. Furthermore, through dropout, we showed

stochastic capability by generating diverse augmented images for each given sample. Our

method not only performed competitively against benchmarks in a variety of dataset sizes,

but also when training using fully synthesised data from our framework compared to real

data (Table 4.3).

LesionMix: a lesion-level data augmentation method for medical image segmentation

Generative methods for data augmentation have become a highly active area of research,

receiving significant attention in recent studies. However, a hurdle for their adoption is that

they are dataset specific and have high computational cost. We present an non-generative

data augmentation method which operates by iteratively augmenting or inpainting individ-

ual lesions with respect to a desired dataset lesion load. Our simple, yet effective, approach

is not only lesion-aware, but also augments with consideration to the spatial distribution of

real lesions. We carry out a lesion load distribution study, and find that the optimal load dis-

tribution of the training set is not the original distribution ("Real" in Table 4.7), but one with a

uniform distribution of small and large lesions. LesionMix showed superior performance to
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alternative mix-based augmentation techniques especially in low-data settings. Particularly,

it is easily adaptable and doesn’t need training to be deployed on other organs or medical

datasets.

SegHeD: segmentation of heterogeneous data for multiple sclerosis lesions with

anatomical constraints and lesion-aware augmentation

Medical image datasets come in a variety of image and label availabilities. Extensive pre-

processing of these datasets can be required in order to incorporate them into deep learning

frameworks. Furthermore, datasets for the same disease may be tailored for different tasks

(all-lesion vs new-lesion segmentation). We propose a unified framework for multiple scle-

rosis which is capable of segmenting new, all, and vanishing lesions with no modification

to the image and label availabilities of the original datasets. We improve our method by

incorporating anatomical constraints, which analyse the implicit information in longitudi-

nal lesion evolution, the volumetric correlation of lesions at different timepoints, and spatial

constraint of lesion formation. We pair these constraints with a lesion-aware augmentation

method to considerably increase image and label availabilities. SegHeD provides an exem-

plary framework on how to maximise information usage and inference capabilities through

heterogeneous input and medical domain knowledge. Being able to incorporate more data

than homogeneous frameworks results in improved segmentation scores across multiple

datasets.

6.2 Future Outlook

In this section, we explore future research avenues that could extend our findings and ad-

dress broader challenges in the field and adoption of deep neural networks for medical

image segmentation. While we highlight the general limitations and open questions in deep

learning, specific technical constraints and potential improvements of our methodologies

are discussed within the relevant chapters.

6.2.1 Brain Lesion Segmentation and Beyond

The methods developed in this thesis have been applied on medical image segmentation

tasks, focusing primarily on brain lesion segmentation and multiple sclerosis. However,



116 Chapter 6. Conclusion

within each chapter there are novelties and ideas which could possibly be extended to other

organs, applications, and non-medical domains. Some examples of how our work can be

extended include:

• Adversarial method for lesion generation (Section 4.1): Our attention-based cyclic lesion

generation framework could possibly be extended to other organs where abnormalities

can occur. Additionally, given the presence of a large longitudinal dataset, one could

synthesise and possibly predict the progression of the disease.

• Mix-based augmentation strategy (Section 4.2): Originally presented for lesion-mixing,

this strategy could be implemented in natural image segmentation tasks as well. The

analysis on lesion load distribution introduces an additional dimension that needs to

be considered: class-distributions in datasets.

• Model for heterogeneous data input (Chapter 5): We overcome the overlooked aspect of

maximising training data through incorporation of different dataset formats. Our het-

erogeneous input and multi-task output model could possibly be extended to other

organs which have multiple image and annotation formats. The domain knowledge

introduced the framework can be exemplary to other diseases, or even natural images,

where modelling relationships between substructures of the segmentation objective

can improve results.

6.2.2 Unsupervised and Semi-Supervised Learning

Our work in this thesis has focused primarily on supervised learning tasks, where ground

truth labels are available. However, it is important to acknowledge that annotated medical

images are relatively scarce due to the high costs of expert annotation and time constraints.

This scarcity of labelled data has spurred increased interest in methods that require fewer or

no labels, such as unsupervised and semi-supervised approaches.

Semi-supervised learning uses a small amount of labelled data combined with a large

amount of unlabelled data to improve model performance, while unsupervised learning

seeks to identify patterns in entirely unlabelled data. These approaches are becoming in-

creasingly popular for segmentation and classification tasks in medical imaging due to their

ability to mitigate the need for extensive and expensive annotations [39].
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Although supervised learning models continue to outperform these alternative ap-

proaches, the gap is closing rapidly. Unsupervised and semi-supervised models are ben-

efitting from innovations such as self-supervised learning, contrastive learning, and genera-

tive adversarial networks [36, 97], with models that can enhance performance with minimal

labelled data. These iterative improvements suggest that the reliance on large annotated

datasets may significantly decrease in the near future, reshaping medical image analysis.

6.2.3 Foundation Models

In the last few years, foundation models have emerged as a groundbreaking development

in both natural and medical image analysis. These models, which are pre-trained on vast

amounts of data, can leverage multimodal inputs, such as images, text, and other structured

data, or multiple image datasets concerning different organs or diseases allowing them to

generalise across various tasks. In contrast to traditional supervised or unsupervised meth-

ods that rely solely on labelled or unlabelled datasets, foundation models are capable of

incorporating both types of data, thus drastically increasing the diversity of the images and

other inputs they can process. This diversity enhances their ability to perform well across a

wide range of applications, including segmentation, classification, and even text-based tasks

such as medical report generation [136].

In medical imaging, multimodal vision-language models, such as CLIP (Contrastive

Language-Image Pre-training), have shown great promise in enabling more efficient and

interpretable medical image analysis [144]. These models can link medical images with

descriptive text, aiding not only in image classification but also in creating explainable AI

systems that could bridge the gap between deep learning and medical expertise [9]. In brain

imaging specifically, recent efforts have explored the use of large-scale pre-trained mod-

els with unlabelled data for brain tumor and lesion segmentation, with fine-tuned models

showing great promise in improving accuracy over traditional supervised methods [49].

With regards to white matter lesion segmentation, foundation models offer several ex-

citing possibilities. Pre-training on large datasets of diverse brain images, including healthy

controls and various neurological conditions, can equip the model with a robust under-

standing of brain anatomy and pathology. This prior knowledge can then be leveraged for
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more accurate and robust segmentation of white matter lesions in new, unseen data. Fur-

thermore, multimodal approaches can be particularly beneficial for lesion segmentation. For

example, integrating imaging data with patient demographics, clinical notes, and genetic in-

formation can provide a more comprehensive understanding of the disease and improve the

accuracy and interpretability of segmentation results. The ability to incorporate multimodal

data, such as combining imaging data with patient medical histories, can provide a more

comprehensive approach to diagnosis and treatment planning.

As these models become more computationally efficient, their ability to handle multi-

modal inputs and perform multiple tasks simultaneously will likely make them indispens-

able in the field of medical imaging. For instance, the potential to process different imaging

modalities (e.g., MRI, CT, PET) alongside clinical data and patient histories will make them

highly adaptable for specific medical conditions, including brain diseases.

6.2.4 Model Explainability

Improving model interpretability and explainability is vital for the adoption of machine

learning in medical image segmentation and analysis, where the consequences of decisions

are critical. Many doctors are tentative about integrating these technologies due to the

"black box" nature of deep learning models, which often provide little insight into their

decision-making processes. The emerging field of Explainable AI (XAI) aims to make these

models more transparent, enabling clinicians to understand and verify the rationale be-

hind predictions, thus facilitating in their adoption. Some of the main fields where XAI

is making progress include explaining model predictions by examining causal relation-

ships [180], counterfactual approaches [12], and measuring feature importance for model

transparency [125]. In the context of white matter lesion segmentation, XAI techniques can

provide valuable insights. For instance, feature importance analysis can highlight which

regions of the brain or specific image features (e.g., intensity gradients, textures) are most

influential in the model’s predictions. This information can help clinicians understand the

model’s reasoning, identify potential biases, and assess whether the model is relying on

clinically relevant features. XAI represents a promising path forward in bridging the gap

between advanced machine learning techniques and clinical practice, ensuring that these

tools are both powerful and trustworthy.
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6.2.5 Future of Deep Learning

When work for this thesis began in 2020, vision transformers, diffusion models for image

generation, close to human-like natural language processing techniques [25] had not yet

been developed. The dramatic shift of machine learning, moving from handcrafted features

and shallow models to deep learning approaches which learn complex representations from

multimodal data, has enabled more accurate and efficient performance over medical image

analysis and other computer vision tasks. While it is difficult to foresee the specific methods

which will take dominance in the near and far future, we can identify the principal remain-

ing challenges which need to be overcome, and the themes that need to be addressed for

greater adoption of machine learning methods.

The largest challenge to overcome is the lack of robustness and generalisability of deep

learning models. While these models have shown exceptional results in controlled settings,

their performance can, and do, degrade in real-world scenarios, where variations during

deployment introduce unforeseen complexities. This is observed as the domain shift prob-

lem in the medical imaging when deep learning-based MRI image segmentation models are

tested on a datasets obtained from a different MRI suppliers. Or in autonomous vehicles,

where poor weather condition severely degrade autonomous driving performance [187].

There are efforts in this thesis reducing the effect of domain shift in medical imaging, how-

ever, the gap is still there. Until that gap is gone, deep neural networks have to be adopted

tentatively, keeping in mind of their shortcomings.

Since the start of machine learning, one theme that has (almost) always held true is that

more data equals better results. Maximising the information that you can provide to models

allows them to see more variety and perform better under testing, thus improving generalis-

ability. As of now, foundation models are leading the way for multimodal data incorporation

in models. However, keeping in mind that in medical image analysis, unreliable predictions

could lead to clinical misdiagnoses or even fatal decisions, it is clear that there is still a long

way to go before we can trust artificial neural networks over our organic ones.
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