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Benefited from deep learning techniques, remarkable progress has been made
within the medical image analysis area in recent years. However, it is very chal-
lenging to fully utilize the relational information (the relationship between tis-
sues or organs or images) within the deep neural network architecture. Thus in
this thesis, we propose two novel solutions to this problem called implicit and
explicit deep relational learning. We generalize these two paradigms of deep re-
lational learning into different solutions and evaluate them on various medical
image analysis tasks.

Automated segmentation of brain glioma in 3D magnetic resonance imaging
plays an active role in glioma diagnosis, progression monitoring and surgery
planning. In this work, we propose a novel Context-Aware Network that ef-
fectively models implicit relation information between features to perform accu-
rate 3D glioma segmentation. We evaluate our proposed method on publicly ac-
cessible brain tumor segmentation datasets BRATS2017 and BRATS2018 against
several state-of-the-art approaches using different segmentation metrics. The ex-
perimental results show that the proposed algorithm has better or competitive
performance, compared to the standard approaches.

Subsequently, we propose a new hierarchical homography estimation net-
work to achieve accurate medical image mosaicing by learning the explicit spa-
tial relationship between adjacent frames. We use the UCL Fetoscopy Placenta
dataset to conduct experiments and our hierarchical homography estimation net-
work outperforms the other state-of-the-art mosaicing methods while generating
robust and meaningful mosaicing results on unseen frames.
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Chapter 1

Introduction

1.1 Research Background

As an important means to assist doctors in diagnosis and treatment, automated
medical imaging analysis provides doctors with rich and accurate diagnostic in-
formation. At the same time, medical image interpretation is also promoting the
understanding of human physiological structure and drug discovery. With the
rapid development and progress of computation and digital medical imaging,
digital medical image analysis has gradually become one of the most important
and valuable research fields. Automated medical image analysis is an interdis-
ciplinary research field that integrates imaging technology, numerical calculation
and modeling, digital image processing and artificial intelligence. In the early
application of medical imaging technology, such as X-ray, doctors obtain and
interpret the physiological simulation images of patients with years of learning
and accumulated experience, and then give diagnosis conclusions and treatment
suggestions. However, it is inefficient to rely on the experience and knowledge
of doctors. During the period of large-scale investigation of specific diseases,
the disadvantages of purely artificial analysis methods are exposed. Nowadays,
medical imaging technology and its application have developed the diagnosis ca-
pability from a limited range of diseases with specific symptoms, such as breast
cancer, to a wide range of diseases and application scenarios.

With the development of medical imaging technology and hardware equip-
ment, the research and analysis of high-dimensional medical images, such as CT
and MRI, are becoming the mainstream. The acquisition of high-dimensional in-
formation also makes automated medical image analysis more extensive. It can
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be extended to the imaging of multiple organ physiology, anatomical morphol-
ogy, process function and then promotes the development of related fields such
as psychology, sociology and sports.

In dealing with massive and complex medical image information, pure man-
ual interpretation and understanding are greatly restricted, and the potential
value of massive information cannot be fully exploited and utilized. Therefore,
researchers are more focused on the development of automatic and accurate computer-
aided algorithms to help clinicians and researchers process massive information
and complex tasks more efficiently and effectively. Referring to the task division
in traditional computer vision, there are three basic visual tasks for medical image
analysis and application:

1. Image registration: the purpose of early medical image registration is to
jointly display images with different information, such as structure map
and function information map, in a unified coordinate system. With the
development of using three-dimensional imaging to study complex organs,
such as the brain, there has been a study of time-series image registration
and standard atlas template registration. At the same time, in order to elim-
inate the motion artifact in the process of image generation, image regis-
tration is also the preprocessing work of most image analysis approaches.
The basic task of medical image registration is to find the corresponding
relationship of objects in different images by various methods. After reg-
istration and transformation, the involved images can be connected in the
same space.

2. Medical image classification: for one or more input images, an automatic
algorithm can accurately classify whether the input image contains disease
or not. Afterward, the classification algorithm can classify the input image
into different grades, such as mild or severe disease, benign or malignant
tumors. Accurate classification information can help researchers and doc-
tors understand the disease and then give treatment suggestions.

3. Medical image segmentation: segmentation in medical images is one of the
basic, important, and widely studied subfields in medical image analysis.
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The aim is to segment the region of interest (ROI), such as pathological tis-
sues and organs, from complex image background by automated or semi-
automated methods. Accurate, robust and fast image segmentation pro-
vides important prior knowledge for downstream tasks such as quantita-
tive analysis, 3D reconstruction, medical robot, and provides an important
foundation for image-guided surgery and radiotherapy planning.

In recent ten years, the application and development of deep learning tech-
nology in various fields, such as computer vision, natural language processing,
speech recognition, has been growing explosively. As a representation learning
method, deep learning uses multiple processing layers consisting of complex
structures or multiple nonlinear transformations to abstract features at a high
level. Deep learning networks can be understood as the extension of the tra-
ditional neural networks, which extract representative features using nonlinear
functions such as convolution. Deep learning techniques replace the traditional
method of extracting hand-crafted features so that the system can learn and pro-
duce reasonable features. This powerful feature extraction ability makes the deep
learning technology, especially the deep neural network, receive increasing atten-
tion in medical image analysis, and become the mainstream method in medical
image analysis. Therefore, how to effectively design deep learning architecture,
integrate different levels of image information, and further improve the perfor-
mance of the automated algorithm in medical image analysis, is a broad research
and application prospect.

1.2 Research Objective

In the past two years, we have focused on developing more effective and gen-
eralized deep learning algorithms for medical image tasks. We focused on two
tasks here: brain glioma segmentation and fetoscopic photography image mo-
saicing task. Although brain glioma segmentation and medical image mosaicing
belong to two different types of visual tasks, their medical image understanding
and machine learning perspectives have great similarities and similarities. First
of all, the two types of tasks share similar processing pipelines, that is, build-
ing a visual model based on feature learning and extraction. Second, relational
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information plays an important role in both tasks. In brain glioma segmenta-
tion tasks, more accurate sub-region segmentation can be performed by learning
the correlation information between different tissue regions. In the medical im-
age mosaicing task, the relational information is reflected in the spatial position
relationship between adjacent frames. Accurate relational information can help
reduce drift errors. Finally, efficient and accurate automated quantification tech-
nology for these two types of tasks has high clinical application value, which can
further help doctors to more accurately locate and analyze the disease.

Therefore, we first propose a more accurate segmentation algorithm for spe-
cific diseases such as glioma. Then, we propose a more effective network to es-
timate the relative homography, i.e. the registration between adjacent images,
which is expected to achieve accurate image mosaicing applied on a set of medi-
cal images with limited field-of-view (FoV).

The development of medical image analysis systems can be roughly divided
into three stages. The early-stage algorithms are mainly based on modeling spe-
cific geometric features, such as edges and circles. These systems are simple
and direct, but the performance is unsatisfactory. In the 1990s, data-driven su-
pervised learning systems have become the mainstream. The most widely used
models include decision tree, random field and support vector machine. Tradi-
tional machine learning systems effectively use the information provided from
data, and then learn and update the model parameters, which greatly improve
the performance of the model in various tasks of medical image analysis. One
of the shortcomings of the traditional machine learning systems is that the final
performance of the model is highly dependent on manual feature selection and
combination, namely feature engineering. Effective feature engineering refers to
the manual extraction of various pre-defined features from data and the optimal
combination based on a researcher’s experience and task characteristics. Com-
pared to deep learning, traditional work is labor-intensive and time-consuming.
In the past decade, deep learning systems based on the deep neural network has
promoted the performance of medical image analysis to a new level. Especially
in the application of medical image segmentation and classification, new works
have been proposed. However, most of the deep neural network models do not
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combine the relational information between organs and tissues. Besides, the gen-
eralization performance of recent works is poor and cannot be effectively trans-
ferred from one task domain to another. To address these challenges, the objec-
tives of our research project are summarized as follows:

(1) The main goal of this research project is to build novel deep learning tools
to effectively address various problems and tasks in medical image analysis.

(2) The learning systems for medical image analysis proposed in the previous
works do not effectively utilize the relational information between organs and
tissues in medical images. Therefore, our second goal is to propose a novel deep
learning paradigm to better model the relationship between features of different
organs or tissues. We then apply it to various medical image analysis tasks, such
as glioma segmentation and medical image mosaicing.

(3) Our final goal is to evaluate the effectiveness of our proposed method by
using multiple datasets on different medical image analysis tasks.

1.3 Contributions

In this thesis, we present our research project in two parts. In the first part,
we propose a new automated glioma segmentation system which is presented
in Chapter 3

(1) We propose a novel Hybrid Context Aware Feature Extractor (HCA-FE).
HCA-FE is built with a 3D feature interaction graph neural network and a 3D
encoder-decoder convolutional neural network. Different from previous works
that usually extract features in the convolutional space, HCA-FE learns hybrid
context guided features in both a convolutional space and a feature interaction
graph space (the relationship between neighboring feature nodes is utilized and
continuously updated). To our knowledge, this is the first practice on brain
glioma segmentation, which incorporates adaptive contextual information with
graph convolution updates.

(2) We further propose a novel Context Guided Attentive Conditional Ran-
dom Field (CG-ACRF) strategy for feature fusion. CG-ACRF based fusion mod-
ule can attentively aggregate features from the feature interaction graph and con-
volutional space. Moreover, we formulate the mean-field approximation of the
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inference in the proposed CG-ACRF as a convolution operation, enabling the CG-
ACRF to be embedded within any deep neural network seamlessly to achieve
end-to-end training.

(3) We conduct extensive evaluations and demonstrate that our proposed method
outperforms several state-of-the-art technologies using difference measure met-
rics on Multimodal Brain Tumor Image Segmentation Challenge (BraTS) datasets,
i.e. BraTS2017 and BraTS2018.

In the second phase of our research project, we mainly contribute to the im-
provement of medical image mosaicing task. At this stage, our contributions are
summarized as follows:

(1) We propose a new deep hierarchical homography estimation network to
automatically and hierarchically estimate the 8 degree-of-freedom homography,
upon which multi-scale (local level between adjacent frames and non-local level
between long-range frames) homography are jointly learned and optimized in a
data-driven manner.

(2) Inspired by recent works on color homography [42], we propose a new
data generation method called Partially Image Generation (PIG). PIG only per-
turb the color, rotation, and translation movement between adjacent frames. The
generated frames by PIG can be used for evaluating model performance during
network training.

(3) We conduct extensive experiments on five different video clips from UCL
Fetoscopy Placenta dataset. The results show that our method achieves state-of-
the-art performance and generalizes well on different clips under different num-
bers of frames and different acquisition methods.

1.4 Thesis Outline

In this chapter, we provide an overview of the whole thesis. In Chapter 1, we
briefly introduce the research background and introduction and show the ex-
pected objectives and contributions of the research project.

In Chapter 2, we review the related works of learning system based medical
image analysis. These works can be roughly divided into two categories accord-
ing to the design principles: one is manual feature extraction learning, the other



1.5. Publication List 7

is the deep neural network based automatic feature extraction learning. We sys-
tematically analyze the representative works of these two kinds of systems and
point out their advantages and disadvantages and improvement direction.

In Chapter 3, we introduce our first contribution to glioma segmentation and
propose Context Aware Network (CANet) for 3D brain glioma segmentation. In
this chapter, we introduce our new segmentation system in detail and discuss the
experimental results in depth.

In Chapter 4, we propose a novel medical image mosaicing method. We show
the new hierarchical neural homography estimation network and partially image
generation in detail. We evaluate the effectiveness of our mosaicing method on
different video clips.

In Chapter 5, we summarize the research work in this thesis and discuss the
limitation of research at this stage. We present the plan and the direction of future
work.

1.5 Publication List

The content of Chapter 3 appears in:

Liu, Zhihua, Lei Tong, Long Chen, Feixiang Zhou, Zheheng Jiang, Qianni
Zhang, Yinhai Wang, Caifeng Shan, Ling Li, and Huiyu Zhou. "CANet: Context
Aware Network for 3D Brain Tumor Segmentation." arXiv preprint arXiv:2007.07788
(2020). Submitted to IEEE Transactions on Medical Imaging.

Liu, Zhihua, Long Chen, Lei Tong, Feixiang Zhou, Zheheng Jiang, Qianni
Zhang, Caifeng Shan et al. "Deep Learning Based Brain Tumor Segmentation:
A Survey." arXiv preprint arXiv:2007.09479 (2020). Submitted to Elsevier Journal
on Computerized Medical Imaging and Graphics.

Non-thesis research: I have also contributed to the following publications:

Chen, Long, Zhihua Liu, Lei Tong, Zheheng Jiang, Shengke Wang, Junyu
Dong, and Huiyu Zhou. "Underwater object detection using Invert Multi-Class
Adaboost with deep learning", Proc. of International Joint Conference on Neural
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Networks (IJCNN), Glasgow, UK, 19-24 July, 2020.

Jiang Zheheng, Zhihua Liu, Long Chen, Lei Tong, Xiangrong Zhang, Xiangyuan
Lan, Danny Crookes, Ming-Hsuan Yang and Huiyu Zhou. “Detection and Track-
ing of Multiple Mice Using Part Proposal Networks”. arXiv preprint arXiv:1906.02831
(2019). Submitted to IEEE Transactions on Neural Networks and Learning Sys-
tems.

Tong Lei, Zhihua Liu, Zheheng Jiang, Feixiang Zhou, Long Chen, Jialin Lyu,
Xiangrong Zhang, Qianni Zhang, Sadka Abdul, Yinhai Wang, Ling Li, Huiyu
Zhou. "Cost-sensitive Boosting Pruning Trees for depression detection on Twit-
ter". arXiv preprint arXiv:1906.00398 (2019). Submitted to IEEE Transactions on
Affective Computing.

Chen Long, Zheheng Jiang, Lei Tong, Zhihua Liu, Aite Zhao, Qianni Zhang,
Junyu Dong, and Huiyu Zhou. "Detection perceptual underwater image en-
hancement with deep learning and physical priors". arXiv preprint arXiv:2008.09697
(2020). IEEE Transactions on Circuits and Systems for Video Technology.
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Chapter 2

Literature Review

2.1 Computational Aided Diagnosis with Medical Im-

age Analysis

Computer-Aided Diagnosis (CAD) refers to the use of advanced computer soft-
ware and hardware to process and analyse medical images, discover and detect
lesions and their characteristics, and use the results as a second opinion for physi-
cians’ diagnosis reference. The purpose is to help physicians improve the accu-
racy, efficiency and reproducibility of diagnosis. In a narrow view, CAD mainly
refers to a system that can be used for clinical application. The main purpose is to
help physicians and doctors find diseases and assist them in judging the degree
of diseases, that is, benign or malignant. With the rapid development of modern
computing and imaging technology, today’s CAD is no longer limited to a sim-
ple application system. CAD nowadays has been developed into a complex area
involving medicine, computational intelligence, image analysis, data storage and
mining. The application scenario of CAD has also been expanded from the early
detection and diagnosis of certain diseases to a wider range of fields, such as epi-
demic screening, genetic diagnosis, and drug discovery. The systematic view of
a CAD is shown in Fig. 2.1.

The main working steps of CAD can be roughly divided into three steps:

1. Image acquisition, that is, to obtain digital images through specific equip-
ment. Physicians usually expect to obtain images with a high signal-to-
noise ratio (SNR), high resolution, and high contrast. High SNR refers to
the intensity ratio of signal to noise contained in the image. When SNR is
high, the interference of noise will be small, the signal transmission qual-
ity will be high, and the value of information obtained by imaging will be
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FIGURE 2.1: A general framework of modern medical image analy-
sis based CAD system

rich. The resolution has a great influence on the CAD system’s performance.
High-resolution images will display lesion details. High contrast makes the
image better show the details of the unclear sections and further helps the
CAD system to make decisions.

2. Feature extraction and quantification, that is, extract and quantify the fea-
tures in the image through specific algorithms. The extracted features can be
referred as pathological manifestations with actual diagnostic values, such
as lesion size, density, shape. The extracted features can also be referred
as the special coding used as the input of the learning system, such as the
Fisher Vector.

3. Training and testing, that is, input the image representation obtained in the
second part into a mathematical or statistical algorithm to fit and classify
the images. Commonly used traditional machine learning systems include
decision trees [8] and support vector machines [110]. In recent years, deep
learning based CAD has gradually integrated the second and third steps
jointly to achieve better diagnostic performance [72].

For different physiological systems or diseases, the deployment and applica-
tion of CAD could be different. For this reason, in Table 2.1, we have listed some
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selected CAD survey articles, which relate to different physiological systems or
diseases in recent years. Table 2.1 aims to help readers to understand the needs,
current situation and development trends of different CAD systems in different
fields.

As the core component of CAD, learning algorithm based medical image anal-
ysis has been developing rapidly. Based on the paradigm of feature extraction,
we divide the learning algorithm based medical imaging analysis into two cat-
egories: medical image analysis with hand-crafted features and medical image
analysis with deep learning. The rest two subsections of this chapter will discuss
them respectively.

2.2 Medical Image Analysis with Hand-Crafted Fea-

tures

In the early stage of medical image analysis based on traditional machine learn-
ing, the most critical is the feature extraction and optimization, which is also
called feature engineering. The quality of feature extraction and optimization
directly affects the performance of the downstream task-oriented models. A gen-
eral workflow of traditional machine learning based medical image analysis is
shown in Fig. 2.2.

Compared with natural images captured by digital cameras, medical images
are very different in visual perception, and their features are also very specific:

• Local similarity. In medical images, the components in a small region usu-
ally have similar appearance and structure. Sometimes there is little differ-
ence between images of diseased and healthy tissues.

• Low brightness and contrast. Due to the limitations of imaging methods
and equipment properties, medical images generally have low brightness
and contrast, and color changes are not very obvious. This will cause an
insufficient number of features or unrepresentative features.

• The characteristics are complex. Most medical images come from different
imaging equipment, different patients, and different shooting times and en-
vironments. During the image generation, it is difficult to avoid adverse
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FIGURE 2.2: The general pipeline of traditional machine learning
based medical image analysis.

effects such as changes in illumination during shooting, individual physio-
logical differences of patients, the influence of scanning positions and an-
gles, and noise from equipment. Therefore, medical images often show
great complexity and variability. Some methods that are applicable in one
image may not be carried out in other images.

To solve the aforementioned problems, early feature engineering for medical
image analysis tends to satisfy the following conditions.

1. Features can make an accurate description of images. From images with
similar textures and structures, features should be distinguishable and highly
repetitive.

2. Feature extraction algorithm is required to have high stability and adapt-
ability and have a certain degree of robustness to various unfavorable fac-
tors and complex environments that may appear.

3. In some applications, selected medical image analysis tools have strict re-
quirements on processing time [99]. Therefore the image feature extraction
algorithm should be easy to implement, and the processing speed must be
fast, and the computational complexity should be low.

Features can be generally divided into global and local features. Global fea-
tures describe the overall properties of the whole image or a large region of in-
terest. Common global features include color or grey distribution and texture
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structure. Local features only describe some representative information such as
special points, lines in a small patch of an image, or a small region of interest. The
selection and combination of features is a key point of feature engineering. For
different types of images and application requirements, selection and combina-
tion of features can be different.

Global features. Global feature is the overall description of the whole image
or a large region of interest. It is usually extracted from a certain mathematical
method to count the color or texture information of all pixels.

The color feature is the simplest and most intuitive description of an image. It
is usually generated from a set of statistical functions. The color feature is used to
reflect the color information of the image. color histogram is the most common
feature. The color distribution function is obtained by calculating the color value
of all pixels in the color space and counting the frequency of each color value in
the image. Color histogram is simple, fast to calculate, and will not be affected
by image rotation and scale changes. It has been applied in the field of image
retrieval in an early stage [52]. In recent years, many related studies have shown
that color features can still be used as an effective supplement, combined with
other advanced features, and play an important role in various application fields
such as image matching [78], medical image segmentation [130], and disease clas-
sification [7]. However, color histogram has disadvantages. It only counts all the
color values within the picture. Thus it is difficult to effectively reflect the in-
formation of the image itself, such as edge and texture. At the same time, color
histogram is sensitive to noise and has low robustness.

The texture feature represents the structure that repeatedly appears in the im-
age. Compared with color features, the calculation of texture features is not lim-
ited to the color value of a single pixel. Instead, it counts complex information
such as intensity distribution, neighborhood relations, etc. The smallest texture
structure is called a primitive. The texture feature is the composition of the tex-
ture primitive in the image and the frequency of its repetition. Texture feature
is the most widely used global feature in image analysis. Commonly used tex-
ture feature extraction methods include statistics-based methods [123], geometry-
based methods [103], model-based methods [114], and signal processing-based
methods [98]. The texture reflects the semantic information contained in the im-
age to a certain extent, but the texture also has its shortcomings. First of all, the
texture is very sensitive to image resolution, and the calculated texture of the
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same object at different resolutions could be quite different. Second, when reflec-
tion or noise interferes with the image, the calculated texture will contain wrong
information and can mislead the model.

Local features. The core idea of local features is that the image is divisible. It
assumes that an image is a collection of many regions with different characteris-
tics. Among them, the more prominent region (that is, the closest part to the ob-
server) is called the foreground, and the remaining area is called the background.
Generally, the foreground information reflects the main subject of the image, that
is, the main semantic information contained in the image. In the research based
on global features, people have found that the undifferentiated description of the
entire image could not allow the algorithm to understand the semantic informa-
tion of the image. Therefore, researchers have begun to search for an alternative
description and proposed several local feature representations.

The SIFT operator proposed by Lowe [89] is a milestone in the field of local
feature extraction. SIFT uses the Gaussian differential pyramid to approximate
the extreme points of the Gaussian Laplacian space, which solves the problem
of the latter’s calculation difficulties and realizes the extreme value in the multi-
scale space. The feature points can be detected with invariant scales, and then
obtains rotation invariance by determining the main direction of feature sam-
pling points. On this basis, various local feature extraction methods have been
proposed. The PCA-SIFT [71] operator uses the principal component analysis
method to reduce the dimension of the SIFT descriptors to increase the calcula-
tion speed. GLOH (gradient location and orientation histogram) operator [94]
adjustment the shape of the sampling window in the calculation of the feature
descriptor in the SIFT algorithm is used, and a radial circle is used to replace the
original grid. The SUFR (Speeded-up robust features)[16] operator is the most
successful improvement method to SIFT, which uses the Harris space for extreme
value detection, and then calculates the Haar wavelet feature acquisition descrip-
tor in the neighborhood of feature points, which greatly reduces the complexity
and computing time of feature extraction. It is worth noting that the SIFT oper-
ator can usually achieve good results in natural images. When directly applied
to medical images, it may be due to problems such as uniform intensities, lack of
obvious edges, etc. For example, some researchers use pre-set sampling points
to omit the process of interest point detection [35]. These methods require prior
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knowledge to determine the size of the sampling window, usually without multi-
scale transformation and extreme value detection, which are suitable for medical
image feature extraction. However, when the edges of objects in the image are
invisible, SIFT often fails to extract accurate feature points and results in poor
performance.

In summary, the early learning systems used for medical image analysis were
mostly based on manual feature engineering. The extraction and quantity method
of manually defined features are important factors that determine the perfor-
mance of the learning system. The traditional learning system has the advantages
of simple structure and convenient implementation, but it also has disadvantages
such as feature engineering cannot be jointly trained with downstream models,
feature representation is simple, and higher-dimensional information representa-
tion cannot be learned. These shortcomings make the performance of the feature
engineering based learning system is unsatisfactory in various medical image
analysis tasks.

2.3 Medical Image Analysis with Deep Learning

In recent years, the application of traditional learning methods to medical im-
age analysis has mainly faced two major problems. One is that the medical im-
age data to be processed has a higher dimensionality and requires a model with
stronger learning and adaptability. The second is that medical image big data
is more fragmented, and the data structure is more complex, often requiring the
integration of different information. When facing these demands, traditional ar-
tificial feature engineering is particularly weak. The main disadvantages are as
follows:

• Manually selected features contain very limited content. Manually selected
features are often limited to visible features, such as grayscale, color, and
edges. Or inspired by the visual model, it is limited to relatively simple im-
plicit expressions, such as HOG [31] and SIFT [89]. These feature extraction
algorithms have the advantages of fast speed, low resource consumption,
and high interpretability. However, with the increase in the complexity of
tasks, researchers began to focus on how to effectively extract features with



2.3. Medical Image Analysis with Deep Learning 17

more expressive information, such as semantic information and attention
information.

• The types of manually selected features are limited. The complexity of fea-
ture engineering is proportional to the number of features. If too many
types of features are selected, the corresponding computing will be time-
consuming. If the selected feature types are too few, the feature space di-
mension is too low, and the data cannot be completely and effectively de-
scribed.

• Manually selected feature combination and optimization rely heavily on ex-
pert experience. Different features have different descriptions of data. Ef-
fective feature combination and optimization can fully explore and utilize
the relationship between features, thus improving the performance of the
model. However, this process relies heavily on the developer’s experience
and knowledge.

• Feature engineering and downstream models cannot be updated jointly. In
most traditional learning systems, the tuning of feature engineering is per-
formed separately from the tuning of the downstream model. This makes
it difficult to map the performance error of the model back to feature engi-
neering and is also one of the reasons why most traditional learning systems
have relatively mediocre performance.

Therefore, how to automatically learn high-level feature information from
data, and to optimize the model and feature engineering together, has become
the focus of attention of researchers in recent years, and has also become a focus
of attention in the industry.

Deep learning is a new branch field and developing rapidly from traditional
machine learning systems. It aims to automatically learn high-level discrimina-
tive features of various levels from data by simulating the human neural network
perception. Since Hinton proposed a multi-layer restricted Boltzmann machine
based on a probabilistic graph model in 2006 [55], deep learning has become a
dominant tool in various fields including computer vision. In recent years, deep
learning has achieved significant success in image recognition, speech recogni-
tion, natural language processing and other fields. Deep learning has triggered a
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FIGURE 2.3: Selection of some medical imaging analysis applica-
tions with state-of-the-art performance generated by deep learning
frameworks. From top-left to bottom-right: Mammographic mass
classification ( Kooi et al. [73] ). Brain white matter hyperintensity
segmentation (Ghafoorian et al. [49]). Air tree segmentation with
leak localization ( Charbonnier et al. [25] ). Retinopathy classifi-
cation (Kaggle Diabetic Retinopathy challenge 2015, van Grinsven
et al. [125]). Prostate segmentation (top rank in PROMISE12 chal-
lenge [85]). Nodule classification (top ranking in LUNA16 challenge
[115]). Breast cancer detection (top ranking and human expert per-
formance in CAMELYON16 [17]). Skin lesion classification ( Esteva
et al. [39]). Bone suppression (Yang et al. [136]). Image courtesy of

[84]

wave of data mining and analysis in broader fields. In the field of medical image
analysis, deep learning has also gained the attention of academia and industry.

Deep learning was originally developed from artificial neural networks. In the
1980s, the BP algorithm for artificial neural networks was proposed [113], which
started the upsurge of machine learning based on statistical learning. However,
in the subsequent training process, it was found that the BP algorithm has some
defects such as slow convergence speed and easy to fall into a local minimum.
In the 1990s, shallow machine learning models such as boosting and SVM were
proposed. These models have been successfully achieved in theory and appli-
cation, making shallow machine learning popular for a long time. By 2006, the
introduction of the Deep Belief Network (DBN) opened a new chapter in mod-
ern deep learning research [56]. In 2012, Hinton used the CNN model to win the
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FIGURE 2.4: The general pipeline of deep learning based medical
image analysis.

ImageNet challenge with an accuracy rate of more than 10 percent higher than
the runner-up. This made a breakthrough in the field of computer vision. Since
then, with the emergence of models such as recurrent neural networks (RNN)
for sequence data modeling, deep residual networks for image processing, the
improvement of GPU computing power, deep learning has been achieved great
success in various fields. A general view of the deep learning system workflow
is shown in Fig. 2.4.

Deep learning can learn high dimensional discriminative features by building
a multiple hidden layer learning model with massive training data to improve
the accuracy of classification or prediction. Compared with traditional machine
learning, deep learning has the following advantages:

1. Automated feature learning. Deep learning methods can automatically learn
the high dimensional discriminative feature representations from massive
data according to different applications, and can better express the internal
information of the data.

2. High generalization and transferability. A deep learning model structure is
usually with 5 or more hidden layers, including more nonlinear transfor-
mations, which greatly enhances the ability to fit complex functions. The
deep network can be applied to different tasks. The trained model can be
reused through strategies such as transfer learning.
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Deep learning systems have been widely applied in medical image analysis
on different tasks. Traditional machine learning based medical image analysis
method is mostly based on multi-feature fusion, singular value decomposition
and wavelet transform methods. Compared with traditional machine learning
based medical image analysis, deep learning can model nonlinear relationships
in medical images with higher feature extraction efficiency. In recent years, many
research works have been proposed to apply deep learning on different medical
image analysis tasks and these works have provided an important baseline for
further clinical research (Fig. 2.3). There are two basic medical image analysis
tasks: medical image classification and segmentation. Medical image classifica-
tion is carried out to determine whether a sample is sick or how severe it is, while
medical image segmentation is the localization of a certain lesion and other parts
of a medical image. At present, deep learning systems are widely used in the
above two fields. At the same time, deep learning has also been widely used in
other medical image analysis areas such as medical image registration. Due to
limited space, we only review related works on medical image classification and
segmentation. However, we select some representative state-of-the-art methods
in various medical image analysis tasks and summarize them in Table 2.2. The
rest of this section mainly introduces the research progress of deep learning in
medical image analysis in two aspects: disease classification and medical image
segmentation.

Medical Image Classification is one of the earliest applications of deep learn-
ing in the field of medical image analysis. It refers to taking one or more modality
images as input, processing it through a trained model, and outputting one label
to indicate whether a patient has a certain disease or the severity degree of the
disease. In the early stage, deep learning models focused on SAE, DBN, and
DBM networks with unsupervised pre-training methods. The research mainly
focuses on the analysis of neuroimaging, such as the diagnosis of Alzheimer’s
disease (AD) or Mild Cognitive Impairment (MCI). These algorithms usually use
multi-modal images as input to extract complementary feature information in
modalities such as MRI, PET, and CSF. Suk et al. [120] used DBM and SAE to find
the expression of potential hierarchical features from 3D neuroimaging images
and constructed AD/MCI classification models. The results verified on the ADNI
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dataset [107] show that the classification performance of the proposed model us-
ing SAE is better than using DBM. There are also a small amount of medical im-
age classification research based on unsupervised models. For example, Rahhal
et al. [4] used SSAE to learn features in a weakly-supervised manner to classify
ECG signals. Abdel-Zaher et al. [1] first tried unsupervised learning on DBN,
and then used feedback supervised learning to adjust the network to classify the
breast cancer from the Wisconsin dataset. Through the application of DBN and
SAE, the performance of various medical image classification tasks has been im-
proved to a certain extent. However, DBN and SAE have disadvantages such as
slow convergence speed, long learning time, and easy to fall into local minima.

Nowadays, CNN (Convolutional Neural Network) is gradually becoming the
standard technology in image classification. Arevalo et al. [6] proposed a feature
learning framework for breast cancer diagnosis. The author applied CNN learn-
ing distinguishing features and classifying mammogram lesions. Kooi et al. [73]
compared the manual design features and automatically extracted features from
CNN in CAD. Both of these methods were trained on a large data set of about
45,000 mammograms. The results showed that CNN is superior to traditional
manual feature extraction methods with low sensitivity. Xu et al. [135] studied
the use of deep CNN to automatically extract features, combined with multi-
instance learning methods, to classify histopathological images of colon cancer in
the case of few manual annotations. Gao et al. [46] discussed the importance of
deep learning technology for brain CT image classification, especially the use of
CNN to provide supplementary information for early diagnosis of AD. Payan et
al. [104] and Hosseiniasl et al. [57] used 3D CNN to diagnose AD on neuroimag-
ing. Some works combine CNN with RNN. For example, Gao et al. [45] used
CNN to extract the low-level local feature information in the slit lamp image,
combined with RNN to further extract high-level features and classified nuclear
cataracts. CNN has greatly improved the performance of deep models on various
tasks, but CNN also has other shortcomings. For example, the pooling layer will
lose local features and ignore the correlation between the local image patch and
the global image. Also, CNN models lack Interpretability.

Medical Image Segmentation The segmentation of organs and their substruc-
tures in medical images has important clinical significance. On the one hand,
accurate segmentation can be used to quantitatively analyze clinical parameters
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related to volume and shape, such as the ventricular volume and contraction ejec-
tion rate of the heart. On the other hand, when using radiotherapy technology
to treat tumors, accurately segmenting the tumor can ensure that tumor cells are
killed during the treatment while protecting normal tissues and organs. An ac-
curate segmentation methodology usually needs to combine multi-modal image
information and adaptive context information. Therefore, most of the current
studies use multi-modal image information as the network model input, or use
multi-scale stream networks, or even 3D kernels to directly extract features. Kam-
nitsas et al. [68] used a multi-scale fully 3D CNN network to combine global and
local contextual information. The results demonstrated excellent performance
in the various challenging segmentation tasks including traumatic brain injury,
glioma tumors and ischemic stroke lesion. The performance, especially in terms
of the overall segmentation level of glioma tumors, has surpassed the level of
human experts. Yu et al. [137] combined the residual connection and the fully
convolutional network to construct a deep residual FCN network, which auto-
matically segmented melanoma in the dermoscopic image and won second place
in the ISBI2016 challenge [81]. The U-Net [111] based framework has also been
adopted by many researchers. For example, Choi et al. [27] used two pathway
CNN to improve the brain tissue segmentation accuracy. The global pathway
with a large size kernel determines the approximate position of the striatum, and
the local pathway with small size kernels is used to predict all voxel labels. This
method achieves the current state-of-the-art performance with Dice similarity co-
efficients 0.893 in the segmentation of the brain striatum structure. Moeskops
et al. [96] used a multi-scale CNN method for brain tissue segmentation. This
method achieves the best results on 8 tissue classifications. It was verified on 5
different age data sets. The Dice similarity coefficients of the segmentation re-
sults were 0.87, 0.82, 0.84, 0.86 and 0.91 respectively. These works use manually
designed CNN network structures to effectively learn the features of the target to
be segmented.

In summary, most of the deep learning systems used for medical image anal-
ysis are based on deep neural networks. Deep learning can effectively use data
to learn high-dimensional discriminative features. This automated feature learn-
ing process eliminates the intensive steps of manual feature engineering, enables
model tuning and feature learning to be jointly trained, and greatly improves the
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performance of various medical image analysis tasks. However, in the aforemen-
tioned works, there is no work to model and utilize the relational information be-
tween different tumor regions or tissues. In contrast, we will propose our novel
deep relational learning work in Chapters 3 and 4. Our goal is to improve the ac-
curacy of semantic segmentation by learning the relational information between
different semantic regions.
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Chapter 3

Context Aware Network for 3D
Glioma Segmentation

3.1 Introduction

Glioma is one of the most common primary brain tumors with fateful health
damage impacts and high mortality. To provide sufficient evidence for early
diagnosis, surgery planning and post-surgery observation, Magnetic Resonance
Imaging (MRI) is a widely used technique to provide reproducible and non-
invasive measurement, including structural, anatomical and functional charac-
teristics. Different 3D MRI modalities, such as T1, T1 with contrast-enhanced
(T1ce), T2 and Fluid Attenuation Inversion Recover (FLAIR), can be used to ex-
amine different biological tissues.

Medical image segmentation provides fundamental guidance and quantita-
tive assessment for medical professionals to achieve disease diagnosis, treatment
planning and follow-up services. However, manual segmentation requires cer-
tain professional expertise and usually tends to be time and labor-consuming.
Fig. 3.1 shows a general view of the brain tumor segmentation task. Early re-
search on automated brain tumor segmentation was based on traditional ma-
chine learning algorithms [15, 118, 116, 41], which rely on hand-crafted features,
such as textures [109] and local histograms [51]. However, finding the best hand-
crafted features or optimal feature combinations in a high dimensional feature
space is impracticable. In recent years, deep learning techniques, especially deep
convolutional neural networks (DCNNs), can be used to effectively learn high
dimensional discriminative features from data and have been widely used on
various computer vision tasks [88].
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FIGURE 3.1: Examples of multi-modality data slices from BraTS17
with ground-truth and our segmentation result. In this figure,
green represents GD-Enhancing Tumor, yellow represents Pertu-

moral Edema and red represents NCR\ECT.

Inter-class ambiguity is a common issue in brain tumor segmentation. This
issue makes it hard to achieve accurate dense voxel-wise segmentation if only
considering isolated voxels, as different classes’ voxels may share similar inten-
sity values or close feature representations. To address this issue, we propose
a context-aware network, namely CANet, to achieve accurate dense voxel-wise
brain tumor segmentation in MRI images. The proposed CANet contains a novel
Hybrid Context Aware Feature Extractor (HCA-FE) and a novel Context Guided
Attentive Conditional Random Field (CG-ACRF). Our contributions in this work
are summarised below:

• We propose a novel HCA-FE built with a 3D feature interaction graph neu-
ral network and a 3D encoder-decoder convolutional neural network. Dif-
ferent from previous works that usually extract features in the convolu-
tional space, HCA-FE learns hybrid context guided features both in a con-
volutional space and a feature interaction graph space (the relationship be-
tween neighboring feature nodes is utilised and continuously updated). To
our knowledge, this is the first practice on brain tumor segmentation, which
incorporates adaptive contextual information with graph convolution up-
dates.

• We further propose a novel CG-ACRF based fusion module that attentively
aggregates features from the feature interaction graph and convolutional
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FIGURE 3.2: The architecture of the proposed dual stream network.
Best viewed in color.

spaces. Moreover, we formulate the mean-field approximation of the infer-
ence in the proposed CG-ACRF as a convolution operation, enabling the
CG-ACRF to be embedded within any deep neural network seamlessly to
achieve end-to-end training.

• We conduct extensive evaluations and demonstrate that our proposed CANet
outperforms several state-of-the-art technologies using different measure
metrics on the Multimodal Brain Tumor Image Segmentation Challenge
(BraTS) datasets, i.e. BraTS2017 and BraTS2018.

3.2 Review of Brain Glioma Segmentation methods

Early research on brain tumor segmentation was based on traditional machine
learning algorithms such as clustering [116], random decision forests [41], Bayesian
models [30] and graph-cuts [131]. Shin [116] used sparse coding for generating
edema features and K-means for clustering the tumor voxels. However, how
to optimise the size of the sparse coding dictionary is still an intractable prob-
lem. Pereira et al. [106] proposed to classify each voxel’s label by using ran-
dom decision forests, which relied on hand-crafted features and complicated
post-processing. Corso et al. [30] used a Bayesian formulation for incorporat-
ing soft model assignments into the affinities calculation. This method brought
the weighted aggregation of multi-scale features but ignored the relationship be-
tween different scales. Wels et al. [131] proposed a graph-cut based method to
learn optimal graph representation for tumor segmentation, leading to superior
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performance. However, this method required a long inference time for dense
segmentation tasks, as the number of vertices in its graph is proportional to the
number of the voxels.

Promising achievements have been made on multi-modal MRI brain tumor
segmentation using deep convolutional neural networks. Zikic et al. [146] is one
of the pioneers applying DCNNs onto brain tumor segmentation. Havaei et al
[53] further improved DCNNs with different sizes of convolutional kernels in or-
der to capture local and global information. Zhao et al. [144] proposed a modified
FCN connected with conditional random fields for refining brain tumor segmen-
tation using three MRI modalities. Dong et al. [37] proposed a modified U-Net
for brain tumor segmentation. These previous works used 2D convolutional ker-
nels on 2D MRI slices made from original 3D volumetric MRI data. Methods
using 2D slices do decrease the number of the used parameters and require less
memory due to dimensionality reduction. However, this pre-processing proce-
dure also leads to the spatial context missing. To minimise the information loss
and capture evidence from adjacent slices, Lyksborg et al. [92] ensembled three
2D CNNs on three orthogonal 2D patches.

To fully make use of 3D contextual information, recent works applied 3D con-
volutional kernels on original volume data. Kamnitsas et al. [68] proposed two
pathway 3D CNN followed with dense CRF called DeepMedic for brain tumor
segmentation. Authors of [68] further extended the work by using model ensem-
bling [69]. The proposed system EMMA ensembled models from FCN, U-Net
and DeepMedic for processing 3D patches. To avoid over-fitting problems in 3D
voxel-level segmentation on limited training datasets, Myronenko [97] proposed
a 3D CNN with an additional variational autoencoder to regularise the decoder
by reconstructing the input image. The architecture built in [97] is further devel-
oped in various recent works. Su et al. [117] extends the architecture built in [97]
into two sub-networks to fuse the information learned from different modalities.
Jiang et al. [66] proposed two-stage networks where each stage adopts a similar
network in [97]. The first stage network generates a coarse result and the sec-
ond stage network refines the segmentation result. The final result in [66] reaches
state-of-the-art by ensemble 12 model instances, which requires huge computa-
tional resources. Other works also try to fuse information brought by images
in a different modality. Wang et al. [129] paired data from a different modality
and designed the consistency loss to learn the relationship between features in
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different modalities. Dorent et al. [38] utilize the network in [97] for multi-task
learning, e.g. joint modality completion and segmentation together. However,
the aforementioned approaches only consider the relationship that lies within
the modality and ignores the spatial relationship among features, which is more
important to achieve accurate segmentation.

Recent research works began to focus on using graph neural networks for ob-
ject semantic segmentation. Qi et al. [108] and Landrieu et al. [76] construct
graph networks for point cloud semantic segmentation based on energy mini-
mization. However, the data used in these approaches are point clouds. Point
cloud contains the point nodes, which can be directly used for building graphs.
Lu et al. [90] construct a graph-FCN for object semantic segmentation. However,
this approach builds the graph by extracting nodes using convolutional kernel
and ignores the information regulation between normal convolution and graph
convolution. The same issue lies in [87] and [142] as the proposed model can-
not adaptively make a preference between features from normal convolution and
features from graph convolution.

Medical image datasets (e.g. BraTS) usually have an imbalance and inter-class
interference problems. To address these issues whilst maintaining segmentation
performance, Chen et al. [26] and Wang et al. [126] both applied cascaded net-
work structures for segmenting brain tumors, where the input of the inner region
segmentation network is the output of the outer region segmentation network.
However, these cascaded structures force the networks to crop data in the cas-
cading stage and hence cause information loss. The summary of MRI based brain
tumor segmentation is shown in Table 3.1.

3.3 Proposed Method

In this section, we describe our proposed CANet for dense voxel-wise segmenta-
tion of 3D MRI brain tumor images. We first describe the proposed HCA-FE with
the feature interaction graph and convolutional space contexts in detail. Then we
introduce the proposed novel fusion module, CG-ACRF, which deals with the
features generated from two branches in HCA-FE and learns to output an opti-
mal feature map. Finally, the formulation of mean-field approximation inference
in CG-ACRF as convolutional operations is described, enabling the network to
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achieve end-to-end training. An illustration of the proposed segmentation frame-
work is shown in Fig. 3.2. Fig. 3.3 summarises the training steps of our CANet.

FIGURE 3.3: Training flow of the proposed CANet. Best viewed in
colors.

Different from previous works, our proposed HCA-FE can capture long-range
contextual information in the feature space by learning the feature interaction,
which has not been fully studied in the past. Both streams take the feature map
X ∈ RN×C derived from the shared encoder backbone as input, where N =

H ×W × D is the total number of the voxels in a 3D MRI image. H, W, and D
represent the height, width and depth of the 3D MRI image respectively. C is the
number of the feature dimension. The graph stream generates representations
in the feature interaction graph space XG ∈ RN×C and the convolution stream
generates a coordinate space representation XC ∈ RN×C.

The main concept behind the design of CG-ACRF is to estimate a segmen-
tation map T ∈ T associated with an MRI image I ∈ I by exploiting the re-
lationship between the final representation XF ∈ RN×C and the intermediate
feature representation X with auxiliary long-range contextual information XG ,
generated from the interaction space with its convolution features XC . Different
from the simple concatenation XF = concat(X ,XG ,XC) or element-wise summa-
tion XF = X + XG + XC , we aim to learn a set of latent feature representations
XHF ∈ RN×C through a new CRF. Due to the context information from XC and XG
may contribute differently during the learning XHF , we adopt the idea of an at-
tention mechanism and generalise it into an gate node in CRF. The gate node can
regulate the information flow and automatically discover the relevance between
different contexts and latent features.
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3.3.1 Hybrid Context Aware Feature Extractor

Graph Context Branch

Projection with Adaptive Sampling We first use the collected feature map to cre-
ate a feature interaction space by constructing an interaction graph G = {V , E , A},
where V represents the set of nodes in the interaction graph, E represents the
edges between the interaction nodes and A represents the adjacency matrix. Given
a learned high dimensional feature X = {xi}N

i=1 ∈ RN×C with each xi ∈ R1×C

from the back-bone network, we first project the original feature onto the feature
interaction space, generating a projected feature Xproj = {x

proj
i }N

i=1 ∈ RK×C′ . K is
the number of the interaction nodes in the interaction graph and C′ is the interac-
tion space dimension. A naive method for getting each element xproj

i ∈ Xproj, i =
{1, ..., K} is using the linear combination of its neighbor elements:

xproj
i = ∑

∀j∈Ni

wijxj A[i, j] (3.1)

whereNi denotes the neighbors of pixel i. The naive approach normally employs
a fully-connected graph with redundant connections and parameters between
the interaction nodes, which is very difficult to optimise. More importantly, the
linear combination method lacks an ability to perform adaptive sampling because
different images contain different contextual information of brain tumors (e.g.
location, size and shape). We deal with this issue by performing an adaptive
sampling strategy:

4j = Wi,jxi + bi,j

xproj
i = ∑

∀j∈Ni

wijρ(xj|V , j,4j)A[i, j] (3.2)

where Wi,j ∈ R3×(K×C) and bi,j ∈ R3×1 are the shift distances which are
learned individually for each source feature xi through stochastic gradient de-
cent. ρ()̇ is the trilinear interpolation sampler which can sample a shifted inter-
action node xd

j around feature node xj, given the learned deformation4j and the
total set of interaction graph nodes V .

Interaction Graph Reasoning After having projected the input features into
the interaction graph G with K interaction nodes V = {v1, ..., vk} and edges E , we
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FIGURE 3.4: A graph model illustration of previous fusion schemes:
(a) basic encoder-decoder neural network, (b) multi-scale neural net-
work, (c) multi-scale CRF, and our proposed (d) context guided at-
tentive fusion CRF. I denotes the input 3D MRI image. fs denotes the
feature map at scale s. as indicates the attention map generated from
the corresponding feature f at scale s. hc and hg represent the hidden
feature generated from convolutional features and graph convolu-
tional features respectively. L means the final segmentation labeling

output. Best viewed in color.

follow the definition of the graph convolution network [DBLP:conf/iclr/KipfW17].
In particular, we define AG as the adjacency matrix on K × K nodes and WG ∈
RD×D as the weight matrix, and the formulation of the graph convolution opera-
tion is formulated as follows:

XGC = σ(AXprojWG)

= σ((I − Â)XprojWG)
(3.3)

where σ() is sigmoid activation function. We first apply Laplacian smoothing and
update the adjacency matrix to (I − Â) so as to propagate the node feature over
the entire graph. In practice, we implement Â and WG using a 1× 1 convolution
layer. We also achieve the implementation of I as a residual connection which
can maximise the gradient flow with a faster convergence speed.

Re-Projection Once the feature propagation has been finished, we re-project
the features back to the original coordinate space with output XG ∈ RN×D. Sim-
ilar to the projection step, we use trilinear interpolation here to calculate each
elements xi

G ∈ XG , i ∈ {1, ..., N} after having transformed the feature from the in-
teraction space to the coordinate space. As a result, we have the feature XG with
feature dimension D at all N grid coordinates.
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Convolution Context Branch

The convolution context branch is composed of a contracting path (encoder) and
an expansive path (decoder) with skip connections between these two paths. The
contracting path reduces the spatial dimensionality of the pooling layer in a pyra-
midal scale whilst the expansive path recovers the spatial dimensionality and the
details of the object with the corresponding pyramid scale. One of the advantages
of using this architecture is that it fully utilises the features with different scales of
contextual information, where large scale features can be used to localise objects
and small scale but high dimensionality features can provide more detailed and
accurate information for classification.

However, 3D volumetric images require more parameters to learn during fea-
ture extraction. It is often observed that training such 3D model often fails for var-
ious reasons such as over-fitting and gradient vanishing or exploding. Besides,
simple or complicated augmentation technologies used to extend the training
dataset may result in a slow convergence speed. To address the issues mentioned
above, we develop a deep supervised mechanism that inherits the advantages of
the convolution context branch. The proposed deep supervision mechanism thus
reinforces the gradient flow and improves the discriminative capability during
the training procedure.

Specifically, we use additional upsampling layers to reshape the features cre-
ated at the deep supervised layer to be of the resolution of the final input. For
each transformed layer, we apply the softmax function to obtain additional dense
segmentation maps. For these additional segmentation results, we calculate the
segmentation errors with regards to the ground-truth segmentation maps. The
auxiliary losses are integrated with the loss from the output layer of the whole
network and we further back-propagate the gradient for parameter updating dur-
ing each iteration in the training stage.

We denote the set of the parameters in the deep supervised layers as WS =

{wi}S
i=1 and ws as the parameters of the upsampling layer correspond to layer

s. The auxiliary loss for a deep supervision layer s is formulated using cross-
entropy:

Ls(X ; WS) =
S

∑
i=1

N

∑
j=1
− log1(p(yj|xs

j ; ws)) (3.4)

where 1 is the indicator function which is 1 if the segmentation result is correct,
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otherwise 0. Y = {yi}N
i=1 is the ground-truth of voxel i and XS = {xs

i }
N,S
i=1,s=1 is

the predicted segmentation label of voxel i generated from the upsampling layer
s. Finally, the deep supervision loss Ls can be integrated with the loss LT from
the final output layer. The parameters of the deep supervised layers WS can be
updated with the rest parameters W from the whole framework simultaneously
using back-propagation:

L = LT(Y|X ; W, WS) +
S

∑
s=1

δsLs(X ; ws)

+ λ(||W||2 +
S

∑
s=1

(||ws||2))
(3.5)

where δs represents the weight factor for the supervision loss of each upsampling
layer. As the training procedure continues to approach to the optimal parameter
sets, δs reduces gradually. The final operation of Eq. (3.5) is the L2-regularisation
of the total trainable weights with the weight factor λ.

3.3.2 Context Guided Attentive Conditional Random Field

We further propose a novel context guided attentive CRF module to perform fea-
ture fusion, motivated from two perspectives. A graph model of our proposed
CG-ACRF is illustrated in Fig. 3.4. There are two reasons to use CG-ACRF for
feature fusion. Firstly, assigning segmentation labels by maximising probabili-
ties may result in blurry boundaries due to the neighboring voxels sharing sim-
ilar spatial contexts. Secondly, previous works fuse information from different
sources (e.g. multi-scale or multi-stage) by using simple channel-wise concate-
nation or element-wise summation mechanism. However, these mechanisms do
not take into account the heterogeneity between different feature maps (e.g. shal-
low layers tend to focus on low-level visual features while deep layers tend to
attend abstract features). Simplifying the relationship between different source
feature maps (e.g. feature maps of large kernels tend to represent the object out-
line while feature maps of small kernels tend to encode the details of the object
structure) results in information loss. Different from previous related works and
using the inference ability of the probabilistic graphical model, we employ the
conditional random field model to learn optimised latent fusion features for final
segmentation. As information from different contexts may contribute to the final
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results at different degrees, we integrate the attention gates of the CRF to regulate
how much information should flow between features generated from different
contexts. We further show the convolution formulation of CG-ACRF mean-field
approximation inference, which allows our attentive CRF fusion module to be
integrated into neural networks as a layer and trained in an end-to-end fashion.
Compared with previous architectures such as an encoder-decoder neural net-
work (Fig. 3.4 (a)) and multi-scale neural network (Fig. 3.4 (b)), our proposed
CG-ACRF (Fig. 3.4 (d)) has a strong inference ability and can jointly learn the
hidden representation of features encoded by the neural network backbone, im-
proving the generalisation ability of the segmentation model. Compared with
previous architectures such as multi-scale CRF (Fig. 3.4 (c)), our proposed CG-
ACRF model first uses an attention gate by directly modeling the cost energy
in the network (Eq. (3.7)). The attention gate thus regulates the information flow
from the features encoded by the backbone neural network to the latent represen-
tations by minimising the total energy cost. Moreover, our proposed CG-ACRF
learns to project the features into two spaces, i.e. a convolutional space and a fea-
ture interaction graph. Hidden representations from different spaces can further
boost feature fusion performance. We evaluate the effectiveness of each compo-
nent in the experiment section.

Definition

Given the feature map XC = {xi
C}N

i=1 from the convolution context branch and
the feature map XG = {xi

G}N
i=1 from the interaction graph branch, our goal is to

estimate the fusion representation HG = {hi
G}N

i=1, HC = {hi
C}N

i=1 and the attention
variable A = {ai

GC}N
i=1. We formalise the problem by designing a Context Guided

Attentive Conditional Random Field with a Gibbs distribution as follows:

P(H, A|I, Θ) =
1

Z(I, Θ)
exp{−E(H, A, I, Θ)} (3.6)

where E(H, A, I, Θ) is the associated energy, and

E(H, A, I, Θ) = ΦG(HG , XG) + ΦC(HC , XC) + ΨGC(HG , HC , A) (3.7)

where I is the input 3D MRI image and Θ is the set of parameters. In Eq.(3.7), ΦG
is the unary potential between the latent graph representation hi

G and the graph
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features xi
G . ΦC is the unary potential related to latent convolution representation

hi
C and convolution feature xi

C . In order to enable the estimated latent representa-
tion hi to be close to the observation xi, we use the Gaussian function created in
previous works [75]:

Φ(H, X) = ∑
i

φ(hi, xi) = −
N

∑
i=1

1
2
||hi − xi||2. (3.8)

The final term shown in Eq. (3.7) is the attention guided pairwise potential
between the latent convolution representation hi

C and the latent graph represen-
tation hi

G . The attention term ai
GC controls the information flow between the two

latent representations where the graph representation may or may not contribute
to the estimated convolution representation. We define:

ΨGC(HG , HC ,A) =
N

∑
i=1

∑
j∈Ni

ψ(aj
GC , hi

C , hj
G)

=
N

∑
i=1

∑
j∈Ni

aj
GChi

CΥi,j
GChj

G

(3.9)

where Υi,j
GC ∈ RDG×DC and DG , DC represent the dimensionality of the features XG

and XC respectively.

Inference

By learning latent feature representations to minimise the total segmentation en-
ergy, the system can produce an appropriate segmentation map, e.g. the maxi-
mum a posterior P(H, A|I, Θ). However, the optimisation of P(H, A|I, Θ) is in-
tractable due to the computational complexity in normalising constant Z(I, Θ),
which is exponentially proportional to the cardinality of h ∈ H and a ∈ AGC .
Therefore, in order to derive the maximum a posterior in an efficient way, we
adopt mean-field approximation to approximate a complex posterior probability
distribution. We have:

P(H, A|I, Θ) ≈ Q(H, A) =
N

∏
i=1

qi(hi
G)qi(hi

C)qi(ai
GC) (3.10)
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Here we use the product of independent marginal distributions q(hi
G), q(hi

C)

and q(ai
GC) to approximate the complex distribution P(H, A, I, Θ). To achieve a

satisfactory approximation result, we minimise the Kullback-Leibler (KL) diver-
gence DKL(Q||P) between the two distributions Q and P. By replacing the defi-
nition of the energy E(H, A, I, Θ), we formulate the KL divergence in Eq. (3.10)
as follows:

DKL(Q||P) = ∑
h

Q(h) ln(
Q(h)
P(h)

)

= ∑
h

Q(h)E(h) + ∑
h

Q(h) ln Q(h) + ln Z
(3.11)

From Eq.(3.11), we can minimise the KL divergence by directly minimising the
free energy FE(Q) = ∑h Q(h)E(h) + ∑h Q(h) ln(Q(h)). In FE(Q), the first item
represents the cross-entropy between two distributions Q and E and the second
item represents the entropy of distribution Q. We can further expand the expres-
sion of FE(Q) by replacing Q and E with Eqs. (3.10) and (3.7) respectively:

FE(Q) =
N

∑
i=1

qi(hi
G)qi(hi

C)qi(ai
GC)(ΦG + ΦC + ΨGC)

+
N

∑
i=1

qi(hi
G)qi(hi

C)qi(ai
GC)(ln(qi(hi

G)qi(hi
C)qi(ai

GC)))

(3.12)

Eq. (3.12) shows that the problem of minimising FE(Q) can be transferred to a
constrained optimisation problem with multiple variables, which can be formally
formulated below:

min
qi(hi

G ),qi(hi
C ),qi(ai

GC )
FE(Q), ∀i ∈ N

s.t.
L

∑
l=1

qi(hi
G) = 1,

L

∑
l=1

qi(hi
C) = 1,

∫ 1

0
qi(ai

GC)dai
GC = 1

(3.13)

where l represents the index of the segmentation label. We can calculate the first
order partial derivative by differentiating FE(Q) w.r.t each variable. For example,
we have:
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∂FE
∂qi(hi

C)
= φC(hi

C , xi
C)+ ∑

j∈Ni

E
qj(aj

GC )
{aj
GC}Eqj(h

j
G )

ψ(hi
C , hj
G)

− ln qi(hi
C) + const

(3.14)

By assigning 0 to the left of Eq. (3.14), we reach:

qi(hi
C) ∝ exp

{
φC(hi

C , xi
C)+

∑
j∈Ni

E
qj(aj

GC )
{aj
GC}Eqj(h

j
G )

ψ(hi
C , hj
G)
} (3.15)

Eq. (3.15) shows that, once the other two independent variables q(hG) and
q(aGC) are fixed, how q(hC) is updated during the mean-field approximation in-
ference. Further more, we follow the above procedure and obtain the updating
of the remaining two variable as follows:

qi(hi
G) ∝ exp

{
φG(hi

G , xi
C)+

E
qj(aj

GC )
{aj
GC} ∑

j∈Ni

E
qj(h

j
C )

ψ(hi
C , hj
G)
} (3.16)

qi(ai
GC) ∝ exp

{
ai
GCEqi(hi

C )
{∑

j∈Ni

E
qj(h

j
G )
{ψ(hi

C , hj
G)}}

}
(3.17)

where Eq() represents the expectation with respect to the distribution q(). Eqs.
(3.15-3.17) shown above denote the computational procedure of seeking an op-
timal posterior distributions of hC , hG and aGC during the mean-field approxi-
mation. Intuitively, Eq. (3.15) shows that, the latent convolution feature hi

C for
voxel i can be used to describe the observation, referred to feature xi

C . After-
wards, we use the re-weighted messages from the latent features of the neigh-
boring voxels to learn the co-occurrent relationship of the pixels. The attention
weight between the latent convolution and the graph features for voxel i allows
us to re-weight the pairwise potential message from the neighbours of voxel i,
and then use the attention variable to re-weight the total value of voxel i. By de-
noting āi

GC = Eq(ai
GC )
{ai
GC} and h̄i = Eq(hi){hi}, we have the feature update as
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FIGURE 3.5: Details of the mean-field updates within CG-ACRF. The
circled symbols indicate message-passing operations within the CG-

ACRF block. Best viewed in colors.

follows:
h̄i
G = xi

G + āi
GC ∑

j∈Ni

Υi,j
GC h̄j

C (3.18)

h̄i
C = xi

C + ∑
j∈Ni

āj
GCΥi,j

GC h̄j
G (3.19)

āi
GC is also derived from the probabilistic distribution, i.e. its value lies in [0, 1].

Here, we choose the Sigmoid function to formulate the updates for āi
GC :

āi
GC = σ(− ∑

j∈Ni

aj
GChi

CΥi,j
GChj

G) (3.20)

where σ(.) denotes the Sigmoid activation function.

Mean Field Inference as Convolution Operation

To achieve joint training and end-to-end optimisation of the proposed CRF with
the backbone network, we implement the mean-field approximation of the pro-
posed CRF in neural networks. We aim to perform the updating of the latent
feature and attention maps according to the derivation described in Section 3.3.2.
The algorithm for implementing mean-field approximation using convolutional
operations is described in Algorithm 1. A graph illustration of Algorithm 1 is
shown in Fig. 3.5.

where ∗,�,⊕ represent the convolution, element-wise dot product, and element-
wise summation respectively. First, the latent feature map is initialised with cor-
responding observation inputs xG and xC , while the attention map is initialised
from the message passing on the two latent feature maps. Then, we activate and
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Algorithm 1: Algorithm for Mean-Field Approximation.
Input: Feature interaction graph output xG and convolution output xC .

Initialize hidden graph feature map hG with xG . Initialize hidden
convolutional feature map hC with xC

Output: Estimated optimised hidden convolution feature map h.
1: while in iteration number do
2: âGC ← hC � (ΥGC ∗ hG);
3: āGC ← σ(−(âGC));
4: hG ← ΥGC ∗ hG ;
5: h̄C ← āGC � hG ;
6: h← x⊕ h̄C ;
7: end while
8: return Optimised hidden feature map h.

normalise the attention map. The latent convolutional feature map is updated
from the message passing on the latent graph feature map. Finally, the updated
attention map is used to refine the latent convolutional feature map h. We output
h with the unary term x by establishing residual connections.

3.4 Experiment Setup

To demonstrate the effectiveness of the proposed CANet for brain tumor seg-
mentation, we conduct experiments on two publicly available datasets: the Mul-
timodal Brain Tumor Segmentation Challenge 2017 (BraTS2017) and the Multi-
modal Brain Tumor Segmentation Challenge 2018 (BraTS2018).

3.4.1 Datasets and Evaluation Metrics

Datasets. The BraTS20171 consists of 285 cases of patients in the training set
and 44 cases in the validation set. BraTS20182 shares the same training set with
BraTS2017 and includes 66 cases in the validation set. Each case is composed of
four MR sequences, namely native T1-weighted (T1), post-contrast T1-weighted
(T1ce), T2-weighted (T2) and Fluid Attenuated Inversion Recovery (FLAIR). Each
sequence has a 3D MRI volume of 240×240×155. Ground-truth annotation is
only provided in the training set, which contains the background and healthy

1https://www.med.upenn.edu/sbia/brats2017.html
2https://www.med.upenn.edu/sbia/brats2018.html
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tissues (label 0), necrotic and non-enhancing tumor (label 1), peritumoral edema
(label 2) and GD-enhancing tumor (label 4). We first consider the 5-fold cross-
validation on the training set where each fold contains (random division) 228
cases for training and 57 cases for validation. We then evaluate the performance
of the proposed method on the validation set. The validation result is generated
from the official server of the contest to determine the segmentation accuracy of
the proposed methods.

Evaluation Metrics. Following previous works [126], [68], [10], the segmenta-
tion accuracy is measured by Dice score, Sensitivity, Specificity and Hausdorff95
distance respectively. In particular,

• Dice score: Dice(P, T) = |P1∩T1|
(|P1|+|T1|)/2

• Sensitivity: Sens(P, T) = |P1∩T1|
|T1|

• Specificity: Spec(P, T) = |P0∩T0|
|T0|

• Hausdorff Distance: Haus(P, T) =
max{supp∈P1 in ft∈T1d(p, t), supt∈T1 in fp∈P1d(t, p)}

where P represents the model prediction and T represents the ground-truth an-
notation. T1 and T0 are the subset voxels predicted as positives and negatives
for the tumor region. Similar set-ups are made for P1 and P0. Furthermore, the
Hausdorff95 distance measures how far the model prediction deviates from the
ground-truth annotation. sup represents the supremum and in f represents the
infimum. For each metric, three regions namely enhancing tumor (ET, label 1),
whole tumor (WT, labels 1, 2 and 4) and the tumor core (TC, labels 1 and 4) are
evaluated individually.

3.4.2 Data Augmentation and Implementation Details

Data Augmentation For each sequence in each case, we set all the voxels outside
the brain to zero and normalise the intensity of the non-background voxels to be
of zero mean and unit variance. During the training, we use randomly cropped
images of size 128×128×128. We further set up a common augmentation strategy
for each sequence in each case: (i) randomly rotate an image with the angle be-
tween [-20◦, +20◦]; (ii) randomly scale an image with a factor of 1.1; (iii) randomly
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mirror flip an image across the axial coronal and sagittal planes with the proba-
bility of 0.5; (iv) random intensity shift between [-0.1, +0.1]; (v) random elastic
deformation with σ = 10.

Implementation Details We implement the proposed CANet and other bench-
mark experiments using the PyTorch framework and deploy all the experiments
on 2 parallel Nvidia Tesla P100 GPUs for 200 epochs with a batch size of 4. We use
the Adam optimizer with an initial learning rate α0 = 1e−4. The learning rate is
decreased by a factor of 5 after 100, 125 and 150 epochs. We use a L2 regulariser
with a weight decay of 1e−5. We store the weights for each epoch and use the
weights that lead to the best dice score for inference.

3.5 Experimental Result

In this section, we present both quantitative and qualitative experimental results
of different evaluations. We first conduct an ablation study of our method to
show the effective impact of HCA-FE and CG-ACRF on the segmentation perfor-
mance. We also perform additional analysis of the encoder backbone and differ-
ent iteration numbers of approximation for CG-ACRF. Afterward, we compare
our approach with several state-of-the-art methods on different datasets. Finally,
we present the analysis of failure cases.

3.5.1 Ablation Studies

We first evaluate the effect of HCA-FE and CG-ACRF. To this end, we apply a
5-fold cross-evaluation on the BraTS2017 training set and report the mean re-
sult. Table 3.2 shows the quantitative results, while the qualitative results can be
found in Fig. 3.6 as an example of the segmentation outputs. We start from two
baselines. The first baseline is in the fully convolution format with deep super-
vision on the backbone convolution encoder (CC). The second baseline only uses
graph convolution in the convolution encoder without deep supervision (GC).
We then evaluate the proposed whole HCA-FE (CC+GC) without any feature fu-
sion method, i.e. concatenating feature maps from CC and GC together. Finally,
we evaluate the proposed feature fusion module CG-ACRF, which takes a feature
map with different contexts from HCA-FE and outputs the optimal latent feature
map for the final segmentation. For the experiments are shown in Table 3.2 and
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Fig. 3.6, we use the encoder of UNet as the backbone network with 5 iterations
in CG-ACRF. The experiments described later include the analysis of different
backbones and iteration numbers.

TABLE 3.2: Quantitative results of the CANet components by five
fold cross-validation for the BraTS2017 training set (dice, sensitivity
and specificity). All the methods are based on CANet with UNet as
the backbone. The best result is shown in bold text and the runner-

up result is underlined.

DICE Sensitivity Specificity Hausdorff95
Backbone+ ET WT TC ET WT TC ET WT TC ET WT TC

CC 0.68628 0.87467 0.82068 0.85684 0.92495 0.86324 0.99708 0.99094 0.99562 6.79149 6.88633 7.93923
GC 0.6373 0.89365 0.82246 0.97704 0.96964 0.94428 0.98723 0.98742 0.99665 9.89949 6.40312 5.81216

CC+GC+Concatenation 0.68194 0.86073 0.80306 0.85725 0.92243 0.86085 0.99672 0.98913 0.99351 7.75539 9.37745 11.43241
CC+GC+CG-ACRF 0.68489 0.90338 0.87291 0.80651 0.92363 0.86989 0.99746 0.99307 0.99592 7.80448 3.56898 4.03629

FIGURE 3.6: Qualitative comparison of different baseline models
and the proposed CANet by cross-validation on BraTS2017 training
set. From left to right, each column represents the input FLAIR data,
ground truth annotation, segmentation result of CANet with only
the convolution branch, segmentation result of CANet with only
the graph convolution branch, segmentation output of CANet with
HCA-FE and concatenation fusion scheme, segmentation output of
CANet with HCA-FE and CG-ACRF fusion module. Best viewed in

colors.

From Table 3.2, we observe that the GC obtains better performance than CC.
For the dice score, GC achieves 0.89365 for the entire tumor and 0.82246 for the
tumor core. CC only achieves a dice score of 0.87467 on the entire tumor and
0.82068 on the tumor core, which is 2% and 0.2% lower than those by GC respec-
tively. For hausdorff95, GC achieves 6.40312 on the entire tumor and 5.81216 on
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the tumor core. CC achieves 6.88633 and 7.93923, which are 0.49321 and 2.12707
higher than those of GC on the entire tumor and the tumor core, respectively.
From Fig. 3.6, we observe that GC can accurately predict individual regions. For
example, the GD-enhanced tumor region normally does not appear at the outside
of the tumor region. This superior performance may benefit from the information
learned from the feature interactive graph as the feature nodes of different tumor
regions have a strong structural association between them. Learning the relation-
ship may help the system to predict correct labels of the tumor regions. However,
the sensitivity of GC is much higher than that of CC. In Table 3.2, for example,
the sensitivity score of GC is higher than that of CC: 12.02% higher on the en-
hancing tumor, 4.469% higher on the entire tumor, 8.104% higher on tumor core,
respectively. We observe poor segmentation results at the NCR/ECT region by
GC, worse than CC and the ground truth shown in Fig. 3.6.

We then evaluate the complete HCA-FE with the extracted feature maps by
CC and GC simultaneously. Here, we fuse the feature maps of CC and GC using
a naive concatenation method. The HCA-FE has less over-segmentation results,
depicted in Table 3.2, where the sensitivity of CC+GC is much lower than that of
GC. The sensitivity of CC+GC is 0.85725 on the enhancing tumor (ET), 0.92243
on the whole tumor (WT) and 0.86085 on the tumor core (TC), respectively. From
Fig. 3.6, we witness that by introducing the complete HCA-FE, the segmenta-
tion model can correct some misclassified regions produced by CC. However,
the concatenation fusion method does not demonstrate any benefit to the over-
all segmentation. CC+GC has a dice score of 0.86073 on the whole tumor and
0.80306 on the tumor core, which is 3.292% and 1.94% lower than those of GC
respectively. We also observe the loss of the boundary information in Fig. 3.6,
especially the boundaries of NCR/ECT and GD-enhancing tumors excessively
shrinks compared with those of GC and CC.

We finally evaluate the effectiveness of our proposed CG-ACRF. By introduc-
ing the CG-ACRF fusion module, our segmentation model outperforms the other
methods. Benefiting from the inference ability of CG-ACRF, it presents a satis-
factory segmentation output. For the whole tumor and the tumor core, its Dice
scores are 0.90338 and 0.87291 respectively, which are the top scores in the leader-
board. Its Hausdorff95 also is the lowest. For the whole tumor and the tumor
core, its hausdorff95 values are 3.56898 and 4.03629 respectively. Referring to
much lower sensitivity scores reported in Table 3.2, we conclude that the superior
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performance has been achieved by the complete CANet. The same conclusion
can be drawn from Fig. 3.6 where CG-ACRF can detect optimal feature maps
that benefit the downstream deconvolution networks and outline small tumor
cores and edges, which may be lost when we use a down-sampling operation in
the encoder backbone.

3.5.2 Iteration Test

As described in Algorithm 1, we manually set the iteration number in the mean-
field approximation of CG-ACRF. Since the mean-field approximation cannot
guarantee a convergence point, we examine the effectiveness of different itera-
tion numbers. Table 3.3 reports the quantitative result of using different iteration
numbers, i.e. 1, 3, 5, 7, and 10. With the increase of iterations, our proposed
model performs better. However, no additional benefit is gained when the it-
eration number becomes over 5. Fig. 3.7 presents the probability map during
segmentation, where the light color represents the region with a lower probabil-
ity while the dark color represents the area with a higher probability. We observe
that using only one iteration, CANet can outline the region of interest using the
fused feature maps. By increasing the iteration number to 3 or 5, CG-ACRF can
gradually extract an optimal feature map, leading to accurate segmentation. We
further increase the iteration number to 7 and 10 but no further improvement
has been made. Therefore, we set the iteration number to 5 as a good trade-off
between the segmentation performance and the number of the engaged parame-
ters.

TABLE 3.3: Quantitative results of different iteration numbers
by CG-ACRF mean-field approximation on the five fold cross-
validation of the BraTS2017 training set with respect to Dice, Sen-
sitivity, Specificity and Hausdorff95. The best result is in bold and

the runner-up result is underlined.

Dice Sensitivity Specificity Hausdorff95
Iteration # ET WT TC ET WT TC ET WT TC ET WT TC

1 0.65697 0.86066 0.79005 0.90075 0.92017 0.85205 0.9953 0.98993 0.99426 7.99666 7.74909 10.48848
3 0.68131 0.87267 0.80679 0.87265 0.92288 0.86948 0.99638 0.99007 0.99397 7.61352 6.8011 8.94057
7 0.6643 0.85534 0.76902 0.85384 0.92108 0.86033 0.99644 0.98955 0.99336 9.84976 9.72 12.04193

10 0.68484 0.85043 0.7839 0.83708 0.93128 0.85847 0.99675 0.98757 0.99383 8.06683 11.14894 11.64947
Ours(5) 0.68489 0.90338 0.87291 0.80651 0.92363 0.86989 0.99746 0.99307 0.99592 7.80448 3.56898 4.03629
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FIGURE 3.7: Examples to illustrate the effectiveness of different iter-
ation numbers by mean-field approximation in CG-ACRF. Columns
from top to bottom represent different patient cases. Rows from left
to right indicate FLAIR data, ground truth annotation, attentive map
generated by CANet with different iteration numbers (from 1 to 10)

in CG-ACRF respectively. Best viewed in colors.

3.5.3 Comparison with State-of-The-Art methods

We choose several state-of-the-art deep learning model based brain tumor seg-
mentation methods, including 3D UNet [28], Attention UNet [102], PRUNet [21],
NoNewNet [61] and 3D-ESPNet [101]. We first consider the 5-fold cross-validation
on the BraTS2017 training set. Each fold contains randomly chosen 228 cases for
training and 57 cases for validation. In these cross-validation experiments on the
training set, we consider CANet with complete HCA-FE and CG-ACRF fusion
module with 5-iteration, which leads to the best performance in the ablation tests.
As shown in Table 3.4, our CANet outperforms the rest State-of-The-Art methods
on several metrics while the results of the other metrics are competitive. The Dice
score of CANet is 0.90338 and 0.87291 for the whole tumor and the tumor core
respectively. The former is 8% higher and the latter is 3% higher than individual
runner-up results. The Hausdorff95 values of CANet are 3.56898 and 4.03629 for
the whole tumor and the tumor core, which are much lower than the runner up
scores, i.e. 4.15649 and 5.77847, respectively.

To further evaluate the segmentation output, we compare the segmentation
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output of the proposed approach against the ground-truth. Fig. 3.8 shows that
the proposed CANet can effectively predict the correct regions including small
tumor cores and complicated edges while the other state of the art methods fail
to do so. Fig. 3.9 presents the example segmentation result and the ground-truth
annotation in 3D visualisation. From Fig. 3.9, we can observe that our proposed
CANet effectively captures 3D forms and shape information in all different cir-
cumstances.

Fig. 3.10 reports the training curve of CANet and the other state-of-the-art
methods. Our proposed method converges to a lower training loss using fewer
epochs. Taking the advantage of the powerful HCA-FE and the proposed fusion
module CG-ACRF, CANet achieves satisfactory outlining for the brain tumors.
With the training epoch increasing, CANet can fine-tune the segmentation map
and successfully detect small tumor cores and boundaries.

TABLE 3.4: Quantitative results of the state-of-the-art models by
cross-validation for the BraTS2017 training set with respect to dice,
sensitivity, specificity and hausdorff. The best result is shown in

bold and the runner-up result is underlined.

Dice Sensitivity Specificity Hausdorff95
Model ET WT TC ET WT TC ET WT TC ET WT TC

3D-UNet[28] 0.70646 0.86492 0.81032 0.80275 0.9064 0.82906 0.99791 0.99005 0.99493 6.62407 8.19351 8.95848
No-New Net[61] 0.74108 0.87083 0.8125 0.76688 0.89296 0.83115 0.99853 0.99243 0.99528 3.93033 7.05536 7.64098

Attention UNet[102] 0.67174 0.8634 0.77837 0.84741 0.9001 0.86171 0.99591 0.98961 0.99186 9.34711 9.67562 10.66793
PRUNet[21] 0.71015 0.89072 0.81447 0.78826 0.90028 0.84056 0.99804 0.99002 0.99586 7.20534 7.41411 9.1874

3D-ESPNet[101] 0.68949 0.89548 0.84397 0.80535 0.94666 0.88085 0.99671 0.99026 0.99677 6.89359 4.15649 5.77847
CANet (Ours) 0.68489 0.90338 0.87291 0.80651 0.92363 0.86989 0.99746 0.99307 0.99592 7.80448 3.56898 4.03629

We further investigate the segmentation results on the BraTS2017 and BraTS2018
validation sets, where the quantitative result of each patient case is generated
from the online evaluation server. The mean result is reported in Table 3.5 and
Table 3.6. Box plot in Fig. 3.11 shows the distribution of the segmentation re-
sult among all the patient cases in the validation set. For the BraTS2017 valida-
tion set, our proposed CANet with complete HCA-FE and 5-iteration CG-ACRF
achieves the state-of-the-art results of Dice on ET, Dice on TC and Hasdorff95
on ET among the single model segmentation benchmarks. Our CANet has Dice
on ET of 0.728, which is higher than the approach reported in [105]. The Dice
on TC by CANet is 0.821, which is higher than the runner-up result reported
in [112]. The Hausdorff95 on ET of CANet is 5.496, which is much lower than
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FIGURE 3.8: Examples of segmentation results by cross valida-
tion for the BraTS2017 training set. Qualitative comparisons with
other brain tumor segmentation methods are presented. The eight
columns from left to right show the frames of the input FLAIR data,
the ground truth annotation, the results generated from our CANet
(UNet encoder backbone with HCA-FE and 5-iteration CG-ACRF),
3DUNet [28], NoNewNet [61], Attention UNet [102], PRUNet [101],
respectively. Black arrows indicate the failure in these comparison

methods. Best viewed in colors.

TABLE 3.5: Quantitative results comparison between CANet and
other state of the art results on the BraTS2017 validation set for Dice
and Hausdorff95. The best results of these methods are underlined.
The bold shows the best score of each tumor region by single predic-
tion approaches. ’-’ depicts that the result of the associated method

has not been reported yet.

Dice Hausdorff95
Approach Method ET WT TC ET WT TC

Kamnitsas et al. [69] 0.738 0.901 0.797 4.500 4.230 6.560
Wang et al. [126] 0.786 0.905 0.838 3.282 3.890 6.479

Ensemble Zhao et al. [143] 0.754 0.887 0.794 - - -
Isensee et al. [60] 0.732 0.896 0.797 4.550 6.970 9.480
Jungo et al. [67] 0.749 0.901 0.790 5.379 5.409 7.487
Islam et al. [62] 0.689 0.876 0.761 12.938 9.820 12.361
Jesson et al. [64] 0.713 0.899 0.751 6.980 4.160 8.650

Single Prediction Roy et al. [112] 0.716 0.892 0.793 6.612 6.735 9.806
Pereira er al. [105] 0.719 0.889 0.758 5.738 6.581 11.100

CANet (Ours) 0.728 0.892 0.821 5.496 7.392 10.122
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FIGURE 3.9: 3D segmentation results of two volume cases by cross-
validation on the BraTS2017 training set. The first and the third rows
indicate the ground truth annotation. The second and the fourth
rows indicate the segmentation result of our proposed CANet with
HCA-FE and 5-iteration CG-ACRF. Rows from left to right indicate
the qualitative comparison for the whole tumor, NCR/ECT, GD-
enhancing tumor and Pertumoral Edema respectively. Best viewed

in colors.

FIGURE 3.10: The learning curve of the state of the art methods and
our proposed CANet with HCA-FE and 5-iteration CG-ACRF. Best

viewed in color.

the runner-up generated in [105]. For the BraTS2018 validation set, our pro-
posed CANet achieves the state-of-the-art result for Hausdorff95, i.e. 7.674, on
the tumor core, while the other results are all runner-ups. Note that the method
proposed by Myronenko [97] has the best performance using most of the evalu-
ation metrics. In Myronenko’s method, they set up an additional branch using
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TABLE 3.6: Quantitative results of the BraTS2018 validation set with
respect to Dice and Hausdorff95. The best results of these methods
are underlined. The bold results show the best score of each tumor
region using single prediction approaches. ’-’ represents the result

of the associated method has not been reported yet.

Dice Hausdorff95
Approach Method ET WT TC ET WT TC

Isensee et al. [61] 0.796 0.908 0.843 3.120 4.790 8.020
McKinley et al. [93] 0.793 0.901 0.847 3.603 4.062 4.988

Ensemble Zhou et al. [145] 0.792 0.907 0.836 2.800 4.480 7.070
Cabezas et al. [24] 0.740 0.889 0.726 5.304 6.956 11.924

Feng et al. [40] 0.787 0.906 0.834 3.964 4.018 5.340
Sun et al. [121] 0.751 0.865 0.720 - - -

Myronenko [97] 0.816 0.904 0.860 3.805 4.483 8.278
Single Prediction Weninger et al. [132] 0.712 0.889 0.758 8.628 6.970 10.910

Gates et al. [48] 0.678 0.806 0.685 14.523 14.415 20.017
CANet(Ours) 0.767 0.898 0.834 3.859 6.685 7.674

autoencoder to regularise the encoder backbone by reconstructing the input 3D
MRI image. This autoencoder branch greatly enhances the feature extraction ca-
pability of the backbone encoder. In our framework, we regularise the network
weights using a L2-regularisation without any additional branch, and the result
of our proposed CANet is better than the other single prediction methods. Be
reminded that the standard single prediction models generate the segmentation
only using one network, and do not need much computational resources and a
complicated voting scheme. Compared with the ensemble methods, the result of
our proposed CANet is still very competitive.

Note that even we incorporate our designed CG-ACRF as iterative convolu-
tional blocks within the system, our model still maintains a relatively small space.
Our final model, i.e. HCA-FE with five times convolution approximation for CG-
ACRF maintains a parameter size at 1.84E7. Compared with baseline methods
such as Isensee et al. [61] with a parameter size at 1.45E7 and Myronenko et al.
[97] with a parameter size at 2.01E7 [140], our system maintains the parameter
size at an intermediate level, which prevents the occurrence of over-fitting.

3.5.4 Failure Case Studies

Fig. 3.12 shows the statistical information of the BraTS2017 training set. As an ex-
ample, we here report two failure segmentation cases by our proposed approach,
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FIGURE 3.11: Boxplot of the segmentation results by CANet with
HCA-FE and 5-iteration CG-ACRF. Dots within yellow boxes are in-
dividual segmentation results generated for the BraTS2017 valida-
tion set. Dots within blue boxes are individual segmentation results

generated for the BraTS2018 validation set. Best viewed in color.

which are shown in Fig. 3.13. During the whole training process, CANet focuses
on extracting feature maps with different contextual information, e.g. convolu-
tional and graph contexts. However, we have not designed specific strategies
for handling the imbalanced issue of the training set. The imbalanced issue is
presented in two aspects. Firstly, there exists an unbalanced number of voxels
in different tumor regions. As the exemplar case named "Brats17_TCIA_605_1"
is shown in Fig. 3.13, the NCR/ECT region is much smaller than the other two
regions, suggesting the poor performance of segmenting NCR/ECT. Secondly,
there exists an unbalanced number of patient cases from different institutions.
This imbalance introduces an annotation bias where some annotations tend to
connect all the small regions into a large region while the other annotation tends
to label the voxels individually. As the exemplar case named "Brats17_2013_23_1"
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is shown in Fig. 3.13, the ground truth annotation tends to be sparse while the
segmentation output tends to be connected. In future work, we will consider
an effective training scheme based on active/transfer learning which can effec-
tively handle the imbalance issue in the dataset. Despite the imbalance issue, our
segmentation method on the overall cases qualitatively outperforms the other
state-of-the-art methods.

FIGURE 3.12: Statistics of the BraTS2017 training set. The left-hand
side figure of (a) shows the FLAIR and T2 intensity projection, and
the right-hand side figure shows the T1ce and T1 intensity projec-
tion. (b) is the pie chart of the training data with labels, where the
top figure shows the HGG data labels while the bottom figure shows
the LGG labels. There are a large region and label imbalance cases

here. Best viewed in colors.

FIGURE 3.13: Qualitative comparisons in the failure cases. Rows
from left to right indicate the input data of the FLAIR modality,
ground truth annotation, segmentation result from our CANet, seg-
mentation result from the other SOTA methods respectively. Our
results look better than the SOTA methods results. Best viewed in

colors.
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3.6 Discussion

In summary, we have proposed a novel 3D MRI brain tumor segmentation ap-
proach called CANet. Considering different contextual information in standard
and graph convolutions, we proposed a novel hybrid context-aware feature ex-
tractor combined with a deep supervised convolution and a graph convolution
stream. Different from previous works that used naive feature fusion schemes
such as element-wise summation or channel-wise concatenation, we here de-
signed a novel feature fusion model based on the conditional random field called
context guided attentive conditional random field (CG-ACRF), which effectively
learns the optimal latent features for downstream segmentations. Furthermore,
we formulated the mean-field approximation within CG-ACRF as convolutional
operations, which incorporate the CG-ACRF in a segmentation network to per-
form end-to-end training. We conducted extensive experiments to evaluate the
effectiveness of the proposed HCA-FE, CG-ACRF and the complete CANet frame-
works. The results have shown that our proposed CANet achieved state-of-the-
art results in several evaluation metrics. In the future, we consider combining
the proposed network with novel training methods that can better handle the
imbalance issue in the datasets.
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Chapter 4

Hierarchical Homography Estimation
Network for Medical Image
Mosaicing

4.1 Introduction

In Chapter 3, we introduced an example of implicit deep relational learning paradigm
on medical image analysis, i.e. use graph convolution kernel to learn the corre-
lation information between different features on the built feature graph. One
of the shortcomings of this implicit relational learning is that it only focuses on
the relationship of features on one image while ignoring the relation relevance
of multiple images along the time dimension. To this end, we propose a novel
Hierarchical Homography Estimation Network (HHEN) for medical image mo-
saicing, which can explicitly model the spatial relationship between frames in
both short and long ranges.

Image mosaicing refers to sequentially transferring and combining a set of
narrow field-of-view images to form a new image or video with a wider field-of-
view. Traditional image mosaicing has been widely used in various areas such
as satellite photographing [22], augmented reality [9] and panoramic photo edi-
tion [80]. In the last few years, the interest in medical image mosaicing has grown
in the medical image analysis community, especially in fetoscopic laser photogra-
phy mosaicing [11, 12]. Clinical physicians use fetoscopic video to detect vascular
anastomoses, make treatment plans and control surgical robots. Thus clinicians
can be able to treat various diseases such as abnormal vascular anastomoses in
twin-to-twin transfusion syndrome (TTTS). However, it is a challenging problem
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for clinicians to fully use the fetoscope due to its narrow FoV and low visibility.
Image mosaicing can compose a set of fetoscopic images with correlation trans-
formation to generate a new image with wider FoV, thus it can offer computer-
assisted diagnosis evidence to effectively detect the vascular anastomoses loca-
tion.

Traditional mosaicing methods commonly use low-level features, i.e. point-
based mosaicing and HoG based mosaicing [70, 138, 74]. However, traditional
mosaicing methods do not perform well due to poor medical image quality, e.g.
turbid amniotic fluid in TTTS treatment. Recently, several deep-learning-based
mosaicing methods have been proposed [91, 100]. These methods learned deep
features or homography estimation automatically and achieved superior perfor-
mance on various datasets. Despite the remarkable progress that has been made,
one open challenge is that these methods only focus on learning local informa-
tion between adjacent frames while ignoring the non-local information in long
series, which is important for time serious tasks. To overcome this, we propose a
novel hierarchical medical image mosaicing network using neural homography
estimation. Our contributions are summarized as follows:

1. We propose a new deep hierarchical homography estimation network to au-
tomatically and hierarchically estimate the 8 degree-of-freedom homogra-
phy, upon which multi-scale (local level between adjacent frames and non-
local level between long-range frames) homography are jointly learned and
optimized in a data-driven manner.

2. Inspired by recent works on color homography [42], we propose a new data
generation method called Partially Image Generation (PIG). PIG only per-
turb the color, rotation, and translation movement between adjacent frames.
The generated frames by PIG can be used for evaluating model performance
during network training.

3. We conduct extensive experiments on five different video clips from UCL
Fetoscopy Placenta dataset. The results show that our method achieves
state-of-the-art performance and generalizes well on different clips under
different numbers of frames and different acquisition methods.
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FIGURE 4.1: A schematic pipeline for image mosaicing.

The rest of this Chapter is organized as follows. In Section 4.2, we briefly
review related works on image mosaicing. In Section 4.3, we introduced our pro-
posed method, including HHEN in Section 4.3.1 and PIG in Section 4.3.2 respec-
tively. In Section 4.4, we demonstrate the dataset and implementation details. In
Section 4.5, our proposed HHEN is evaluated and compared with the state-of-
the-art methods. In addition, the results are analysed in detail. This Chapter is
finally concluded in Section 4.6.

4.2 Review of Recent Image Mosaicing Methods

In this chapter, we briefly review related works on image mosaicking, which
refers to the alignment of multiple overlapping images into a large combination
with larger FoV.

Finding the point-to-point or other feature correlation between two images is
the fundamental part of conventional image mosaicking, which can be found in
the mosaicing schematic pipeline shown in Fig. 4.1. Traditional image mosaic-
ing methods commonly use low-level features such as edge and point to find the
correlation between two images. Kanazawa et al. [70] extract 100 feature points
generated from the Harris operator to find the correlation between two images.
Zagrouba et al. [138] extract both Harris points and the semantic segmentation as
multi-level features for correlation learning. Kourogi et al. [74] first generated the
pseudo-motion vector on each pixel, and then estimate the affine motion param-
eters by using pixel-wise motion vector matching. Heikkila et al. [54] extract the
correlation feature using SIFT first and then reject the outlier points by applying
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RANSAC algorithms. Botterill et al. [18] first represent the image with the Bag-
of-Words (BoW) method to find the adjoining frames and then use a perspective
transformation to register adjoining frames to achieve video mosaicing.

Different from natural images, the quality of medical images is interfered with
by many factors, such as fetoscopic photography captured within a turbid amni-
otic fluid environment. And traditional feature extraction algorithms for points
or edges cannot extract effective and meaningful features. Although the afore-
mentioned algorithms are simple and fast with low demands on computing re-
sources. However, the aforementioned algorithms are difficult to be applied to
tasks that require higher precision, such as medical image mosaicing.

Recently, various deep-learning-based image mosaicing methods have been
presented. Lv et al. [91] proposed a CNN based Speed-up Robust Feature (SURF)
extraction method for image mosaicing. Nguyen et al. [100] proposed an un-
supervised learning network for homography estimation in image mosaicing.
However, these two methods’ input is still hand-crafted features, which cannot
be jointly optimized with the mosaicing network. Zhang et al. [141] use a CNN
for registration based microscopic image mosaicing. Bano et al. [11] use a VGG-
stylized CNN for homography estimation between two adjacent frames. How-
ever, these methods only focus on adjacent frame homography estimation (local
information), while ignoring the correlation between long-range frames, which
has been proven as an important factor for sequential frame-based tasks [128, 65,
5]. To address this open challenge, we propose our novel hierarchical neural ho-
mography estimation network (HHEN) for fetoscopic photography mosaicing,
which can automatically and hierarchically estimate the 6 degree-of-freedom ho-
mography. Besides, we propose a new generation method called Partially Image
Generation (PIG). PIG only perturbs the color, rotation, and translation move-
ment between adjacent frames. The generated frames by PIG can be used for
evaluating model performance during training.

4.3 Proposed Method

Recently, deep image homography (DIH) estimation [34] have been proposed that
use a regression neural network to estimate the homography between two local
patches in one image. Based on DIH, several image mosaicing methods [11, 12]
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FIGURE 4.2: A schematic pipeline for Deep Image Homography
(DIH) estimation.

have been proposed to stitching a set of images by estimating homography be-
tween every adjacent frame. However, DIH and proposed mosaicing work only
focused on adjacent frame feature learning (local information) while ignored the
correlation between long-range frames (non-local information), which has been
proved as an important factor for achieving video and serious tasks. In this chap-
ter, we first propose our novel image homography estimation framework called
Hierarchical Homography Estimation Network (HHEN) in Chapter 4.3.1. HHEN
treat the target frame as a query frame while transformed both local and non-local
template frame as key and value frame. Thus the homography can be learned
and optimize hierarchically with local and non-local information in a data-driven
manner. We further propose a novel generation method called Partially Image
Generation (PIG). PIG only controls the rotation, translation movement and color
restoration between adjacent frames as the incision point of fetoscopic photogra-
phy are fixed. Without any external sensors like electromagnetic tracker (EMT)
used in [122], our proposed HHEN with PIG minimizes the drift error effectively
and achieve the state-of-the-art result on fetoscopic photography mosaicing.

4.3.1 Hierarchical Homography Estimation Network

A prilimary of our proposed HHEN is deep image homography (DIH) shown
in Fig. 4.2, where DIH estimates the homography between two relative image
local patches (PAandPB) from a single image. Similar to DIH, we also use a VGG
style backbone network to estimate homography H. Instead of using H with 9
degree-of-freedom, we here define the target homography is 3 point related due
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to the rotation and shear operation in [34] has little effect in our scenario (Due to
the fetoscopic photography data is obtained through a fixed incision point). By
defining arbitrary three corner points coordinate (xi, yi) of PA and

(
x′i, y′i

)
of PB

with i = 1, 2, 3, the 3 point related homography H is defined as:

H =

[
∆x1 ∆x2 ∆x3

∆y1 ∆y2 ∆y3

]>
where ∆xi = x′i − xi, ∆yi = y′i − yi. The fourth corner can be calculated due

to the patch is extracted as a rectangle. Note that DIH generates PB by randomly
displacing PA as illustrated in Fig. 4.2, thus the drift error is not acceptable for
image-based mosaicing tasks as the drift error will be accumulated. Mosaicing
requires relative homography between adjacent frames with respect to the tem-
plate frame. For minimizing the drift error in relative homography, several re-
lated works [12, 11] have been proposed to let the backbone network learn the
homography between patches extracted from adjacent frames. However, the ho-
mography estimation networks in [12, 11] only considered the local information
between adjacent frames while ignoring the non-local information between long-
range consecutive frames, which has been proven as an important factor for video
applications [128, 65, 5]. Therefore, we propose a hierarchical homography es-
timation network (HHEN) that learns long-range information between a set of
consecutive frames. As shown in Fig. 4.3, we extend the definition of a pair of
adjacent frames to a hierarchical composition. We set the frame that needs to
be moved (target frame) as Query Frame while the template frame is assembled
with long-range Key Frame and short-range Value Frame. Intuitively, for the tar-
get Query Frame, the network estimates the homography with respect how Value
Frame moves based on previous non-local Key Frame.

Inspired by non-local image de-noising operation [23] and non-local neural
network for video classification [128], we define the generic non-local frame fu-
sion head in HHEN as:

yi = G(xQ
i )

1
N(x) ∑

∀j<i
F(xV

i , xK
j )G(xQ

j ) (4.1)

wherein Eqn. 4.1, i is the position of the output in the spatial domain and
j is the neighborhood position of i (we use the 8-neighbor pixels in this paper).
xQ, xK, xV denotes the input image patch from the query frame, key frame and



4.3. Proposed Method 61

FIGURE 4.3: A schematic pipeline for Hierarchical Homography Es-
timation Netowork (HHEN) estimation.

value frame respectively. y is the output fusion feature map with the same size
as x. F(·) is the pairwise function that takes the pairwise input (xV

i , xK
j ). The

output of F(·) is a scalar weight between two inputs, which represents the affin-
ity transformation between xV

i and xK
j . G(·) is the unary function that outputs

the representation of the input signal. N(·) is the normalization factor. Over-
all, Eqn. 4.1 denotes that, for a given input xQ

i at position j from query frame
xQ, F(·) learns how the related input from value frame is updated based on a
key frame, then the non-local operator uses the learned affinity transformation
between value frame and key frame to update the feature computed by G(·) in
query frame.

The natural instantiation choice of F(·) is the Gaussian function as imple-
mented in the non-local mean operator [23], which is formalized as:

F(xV
i , xK

j ) = exV
i
>xK

j (4.2)

In Eqn. 4.2, the xV
i
>xK

j is the dot product to measure the similarity between
xV

i and xK
j . Correspondingly, the normalization factor is N(x) = ∑∀j<i F(xV

i , xK
j ).

Since the entire system is trained in an end-to-end fashion, in order to enable
the final regression loss to directly adjust the parameter update of the non-local
operator, we expand the Gaussian function (Eqn. 4.2) to an embedding manner:

F(F(xV
i , xK

j )) = eθ(xV
i )>φ(xK

j ) (4.3)

In Eqn. 4.3, θ(·) and φ(·) are two linear embedding functions, i.e. θ(xV
i ) =

WθxV
i and φ(xK

j ) = WφxK
j . By using the embedding Gaussian function, given the

normalization factor is N(x) = ∑∀j<i F(xV
i , xK

j ), the implementation of the non-
local fusion head can be regarded as a softmax activation with inputs from two
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convolution features generated from 1× 1 convolution kernel:

y = G(x)softmax(x>W>θ Wφx)G(x) (4.4)

By choosing the same implementation using 1× 1 convolution for G(·), the
non-local fusion head can be jointly trained with the downstream network. The
output of the HHEN is the homography HQ with respect to the target frame, i.e.
Query Frame. By iterate every frame in an image set as Query Frame and compute
every frame’s HQ, we can complete mosaicing all the image frames in the given
image set.

4.3.2 Partially Image Generation

Note that in [34], the author used the MS-COCO dataset [83] for training and
testing. Compared with the MS-COCO dataset which contains natural real im-
ages, fetoscopic photography contains particular artifacts such as color distortion
caused by amniotic fluid particles. Also, the shear and scale contribute little effect
when HHEN is trained with fetoscopic images as the fetoscopic image is obtained
through a fixed incision point with constrained distance from the placenta. Thus
to minimize the drift error during mosaicing, we propose our Partially Image
Generation (PIG) generate the training dataset. PIG only assumes that only rota-
tion, translation and color homography are related between the pair of key-value
and value-query frames. For a given image IA and its extracts patch PA with three
corners coordinates (xi, yi), (i = 1, 2, 3). We applied:

• Rotation with angle α and translation with movement distance δx on x co-
ordinate and δy on y coordinate.[

x′i
y′i

]
=

[
cos(α) sin(α)
−sin(α) cos(α)

] [
xi

yi

]
+

[
∆x
∆y

]

• Color homography transformation: we transfer the original color image
with every pixel R, G, B value to the greyscale image with every pixel’s in-
tensity Y:

Y =
max(R, G, B) + min(R, G, B)

2
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to obtain the corresponding pair image IB with perturbed patch PB. We em-
pirically set the rotation angle α and translation movement distance ∆x, ∆y (Sec.
4.4.2). By implementing the PIG, the HHEN can learn the homography (α, ∆x
and ∆y) without interference from color distortion (the color with artifacts are
transformed into greyscale images).

4.4 Experiment Setup

We conduct extensive experiments to evaluate our proposed fetoscopic photog-
raphy mosaicing method using HHEN with PIG. We first introduce the datasets
and evaluation metrics first (Sec. 4.4.1). Then we express the details of method
implementations (Sec. 4.4.2).

4.4.1 Datasets and Evaluation Metrics

We use the 5 fetoscopic video clips from UCL Fetoscopy Placenta Data [13] 1,
which includes two synthetic video clips (SYN1 and SYN2), one TTTS Phantom in
the water video clip (TTTS1) and two in-vivo TTTS procedure video clips (INVT1
and INVT2). We show the details of all 5 datasets in Table 4.1. We can observe
from Table 4.1 that the datasets are varied among different factors such as object
texture, ambient reflected light and capture motion, which post the challenges for
mosaicing methods.

We compare our method with state-of-the-art deep-learning-based methods:
deep image homography (DIH) [34] and deep sequential mosaicking (DSM) [11]
and a hand-crafted feature-based method (FEAT with SURF feature matching for
homography estimation) [20]. For the synthetic datasets SYN1 and SYN2, we
evaluate our HHEN with PIG against all baseline methods and report the mean
residual error (MSE) against ground truth data. For datasets obtained from TTTS
clinical surgery (TTTS1, INVT1, INVT2), we evaluate the performance of our
HHEN with PIG against all baseline methods and report the average root mean
square error (RMSE) between image and generated image. Following [19, 50],
we also evaluate the average photometric error (APE) by using the L1 distance
between two images generated by the estimated homography.

1https://www.ucl.ac.uk/interventional-surgical-sciences/fetoscopy-placenta-data
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4.4.2 Implementation Details

We first randomly select 435 images from all datasets except the INVT1 to com-
pose a training set. The image frames in the training set are not considered in the
testing set as they are not a full video clip. INVT1 thus is unseen for the model
during the training. By using PIG, all images are transferred into greyscale im-
ages where the intensity in Eqn. 4.3.2 represent the brightness converted from
RGB color to avoid color distortion. Our proposed network and other baseline
methods are complied in Keras 2 platform with a Tensorflow 3 backend. We train
our proposed network on a single Nvidia Tesla T4 GPU (16GB) for 2000 epochs.
We use the Stochastic Gradient Descent (SGD) as the optimizer with a learning
rate lr = 0.0001 and momentum with 0.9. Due to the limitation of GPU memory,
we set the batch size as 16. We use the Euclidean loss function as the main goal
of the homography is to estimate the distance of rotation and transition between
adjacent frames. During training with PIG, we manually set the rotation angle α

between (−8◦,+8◦) and the translation distance ∆x, ∆y between (−15,+15) pix-
els. The manually perturbed rotation angle and transition distance are stored as
ground truth. The network takes the original image patch and the perturbed im-
age patch as inputs and outputs the numerical results. The loss can be estimated
between the numerical outputs and the manually settled angel and transition dis-
tance.

4.5 Experiment Results

We conduct sufficient experiments on 5 video clips from UCL Fetoscopy Placenta
Data against several baseline methods including FEAT, DIH and DSM. We dis-
cuss the experimental results from various perspectives in the following sections.

4.5.1 Comparison with Hand-Crafted Methods

We first compare the result between our proposed HHEN and FEAT. Note that
FEAT achieves the mosaicing based on the Speed Up Robust Features (SURF).
SURF constructs a Hessian matrix to generate the point-of-interests on the edges.

2https://keras.io/
3https://www.tensorflow.org/
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FIGURE 4.4: Quantitative result comparison on mean residual error
between HHEN and baseline methods.

However, such kind of traditional-feature-based mosaicing methods fail on feto-
scopic photography mosaicing due to the vessels are blurred and surrounded
with turbid amniotic fluid. Compared with synthetic data (SYN1 and SYN2)
which ignored these kinds of environmental interference (Table 4.1), the FEAT
failed to achieve robust mosaicing on real data (TTTS1, INVT1, INVT2). As
shown in Fig. 4.5, FEAT got relatively low RMSE on TTTS1, INVT1 and INVT2
with scores 8.13, 7.86, 7.11 respectively. However, the HHEN benefits from deep
feature learning while PIG avoids the color restoration during training, which
help HHEN outperforms the FEAT with a large margin (2.72 on TTTS1, 2.45 on
INVT1, 1.61 on INVT2). The same result is also shown on the evaluation of APE
(Fig. 4.6), while HHEN outperforms the FEAT on all clips. Besides, the MRE
of FEAT generated mosaicing rise up after 150 frames while the HHEN continu-
ously maintains the MRE at a relatively low level due to the non-local informa-
tion learned from long-range frames. We can also observe the same phenomenon
from the qualitative results shown in Fig. 4.7 as the FEAT mosaicing starts drift-
ing away at 150 frames.
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FIGURE 4.5: Quantitative result comparison on average RMSE be-
tween HHEN and baseline methods.

4.5.2 Comparison with State-of-The-Art Deep Learning Based

Methods

We also compared our proposed HHEN with two state-of-the-art image mosaic-
ing methods, i.e. DIH and DSM. For MSE, DIH explodes very quickly as there
are random rotation and translation during training data generation. DSM per-
forms well on short frames due to it learns adjacent homography between adja-
cent frames. However, the error of DSM starts to accumulate after 300 frames and
the mosaicing starts drifting (Fig. 4.7) due to the local information is insufficient
to achieve a stable mosaicing during long-range videos. In contrast, our pro-
posed HHEN observed a continuous low MRE even for long-range frames that
benefited from non-local information. HHEN also outperforms these two meth-
ods on both RMSE and APE. On RMSE, HHEN achieves 0.92, 1.33, 2.72, 2.45 and
1.61 on SYN1, SYN2, TTTS1, INVT1 and INVT2 respectively, while the other two
methods obtained higher error (DIH: 3.08, 3.27, 3.86, 4.29, 4.41, DSN: 2.53, 2.17,
2.95, 2.08 3.53). On APE, HHEN also outperforms these two baseline methods
on SYN1, SYN2, TTTS1, INVT1 and INVT2 (HHEN: 1.64, 1.76, 2.03, 2.28, 1.04,
DIH: 3.27, 3.88, 2.91, 4.65, 3.74, DSM: 2.13, 1.86, 1.90, 2.85, 1.53). We also visu-
alize the mosaicing result of testing sequence TTTS1, INVT1 and INVT2 in Fig.
4.8. We can observe from Fig. 4.8 that our proposed HHEN with PIG generates
the most meaningful mosaicing result even for unseen clip INVT1, which shows
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FIGURE 4.6: Quantitative result comparison on average photometric
error between HHEN and baseline methods.

the high robustness of our method dealing with different fetoscopic photography
scenarios.

4.6 Discussion

In this project, we utilize explicit deep relation learning on medical image mo-
saicing. Specifically, we propose a novel hierarchical homography estimation net-
work to effectively learn the homography between adjacent frames that benefited
from both local and non-local information. To further generate sufficient training
data, we propose a novel image generation method called partially image gener-
ation which only perturbs the image with rotation, translation and color transfor-
mation. PIG can accelerate HHEN to learn relative homography while ignoring
external interference such as color restoration. We conduct extensive experiments
on 5 video data clips and the result shows our proposed method performs su-
perior compared with state-of-the-art mosaicing methods. However, there are
some blank spaces left for us to improve the mosaicing method. First, the whole
network parameter is shared and updated across the data frames, which can be
replaced by a recurrent neural network or a long-short term memory network to
model the relationship between frames more effectively. Another future direc-
tion is to utilize the vessel segmentation mask as auxiliary information, which
represents the saliency information, to achieve more accurate image mosaicing.
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FIGURE 4.7: Qualitative result visualization comparison on SYN1
and SYN2 dataset between HHEN and baseline methods. We high-
light the mosaicing drift error with red ellipse. Best viewed in colors.

FIGURE 4.8: Qualitative result visualization on TTTS1, INVT1 and
ONVT2 dataset using generated homography from HHEN. We can
observe that HHEN generates meaningful and stable mosaicing

even for unseen data INVT1. Best viewed in colors.
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Conclusion and Future Works

5.1 Conclusion

Relational information is a key point for both computational models and clinical
physicians to understand the diseases in medical images. In this research project,
our goal is to explore the potential of deep relational learning applied to various
medical image analysis tasks. We conclude the contribution as follows:

• Context Aware Network for 3D Glioma Segmentation: We propose an im-
plicit paradigm of relational learning and utilize it to model the relational
information between features. Specifically, we propose a novel Hybrid Con-
text Aware Feature Extractor (HCA-FE) built with a 3D feature interaction
graph neural network and a 3D encoder-decoder convolutional neural net-
work. To aggregate the features from interaction graph space and convo-
lution space effectively, we also design a Context Guided Attentive Con-
ditional Random Field (CG-ACRF) to regulate the information flow from
the HCA-FE. Experimental results on two BraTS dataset, BraTS2017 and
BraTS2018, show that our proposed method outperforms state-of-the-art
methods.

• Hierarchical Homography Estimation Network for Medical Image Mo-
saicing We propose a novel Hierarchical Homography Estimation Network
(HHEN) for medical image mosaicing. Specifically, HHEN can utilize both
local information between adjacent frames and non-local information be-
tween long-range frames. HHEN explicitly learns the spatial relationship
between two adjacent image frames, i.e. homography using 6 degree-of-
freedom in a data-driven manner. We also propose the novel Partially Im-
age Generation (PIG) to generate perturb patches during HHEN training.
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PIG can let HHEN learns the rotation and translation while avoiding inter-
ferences such as color restoration. Experimental results on 5 different video
clips from UCL fetoscopic photography dataset show that our proposed
method achieves the state-of-the-art mosaicing results on testing clips and
high robustness on unseen clips using generated homography.

5.2 Future Works

We list several future research direction as follows:

1. Designing the network automatically: Like the other state-of-the-art meth-
ods, we propose our deep neural network model by manually designing
the structure, the layer combination, even the training parameters such as
learning rate and the batch size. However, designing an effective neural
network model and finding the best combination of different operation lay-
ers requires a high-level expertise experience and complicated validation
experiments, which makes the networking designing as hard as to win a
lottery [43]. In the future, we hope to explore the automatic network design
process, specifically the neural architecture search algorithms, and try to
propose novel search algorithms and construct novel search space to search
one or more effective network structure candidates on medical image anal-
ysis tasks.

2. Learning the vision and language information with multi-modal inputs:
At present, we only focus on learning information purely from medical im-
ages. However, in clinical scenarios, other modality data such as medical
records and drug prescriptions, also play an important role for physicians.
In the future, we may utilize the technologies from image caption [134] and
visual question answering [5] to explore how the relational information rep-
resents in both visual and textual format with multi-modal inputs.

3. Deep relational learning on multi-task medical image analysis: Currently
we only complete improving the performance of a particular task, e.g. only
for glioma segmentation and only for fetoscopic photography mosaicing.
Recent research shows that different vision task contains auxiliary informa-
tion for each other [139]. In the future, we may explore how to effectively
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fuse different relational information from different tasks and promote the
final performance on multi-task learning (for example, how to use the re-
lation information between different glioma segmented regions to improve
the accuracy of glioma degree classification).
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