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CHAPTER 1

Introduction

1.1 Overview

Medical imaging is an essential clinical tool in diagnostic investigation and provides ef�cient visualization

of internal organs, bones, soft tissue and blood (50). With different imaging protocols and vendors, we are

allowed to visualize different contextual information from organs with different appearance in tissues/organs,

thus becoming more easily to classify patients' conditions (18; 213). However, only qualitative visualization

can be provided from the images and perform analysis with our vision. It is limited to investigate the �ne-

grained details in each speci�c organ region and adapt quantitative measurements without addition guidance.

To extract meainingful information from the imaging, multiple ways have been proposed with respect to the

corresponding anatomical regions, such as bounding box to search for potential lesion (167), pixel/voxel-wise

localization of organ regions (200; 125) and streamline analysis for white matter �ows in brain region (20).

To adapt the �ne-grain measurement of different organs, image segmentation is an essential medical task to

localize and capture the volumetric context of each organ by classifying each pixel/voxel into a corresponding

semantic value (e.g., 1,2,3) (125; 200; 257; 182; 121). However, the most naive way to obtain such semantic

segmentation mask is to annotate manually with our bared hands. Although the manual annotations are re-

garded as golden standard, such process requires signi�cant amounts of time efforts and efforts for clinicians.

To reduce the manual efforts, different automated segmentation approaches including atlas-based methods

(216; 19) and machine learning approaches (125; 222), have been proposed to demonstrate the opportunity

of automatic segmentation in imaging domain.

Deep learning models have been widely explored for both computer vision and medical image analysis

, especially for medical image segmentation. Medical image segmentation can be divided into two perspec-

tives: 1) binary organ segmentation and 2) multi-organ segmentation. Binary organ segmentation is to assign

one-hot semantic value meaning to the image pixels/voxels, while multiple values are assigned to different

organs in the image. Meanwhile, it is vitally important to localize multiple organ of interests in pixel/voxel-

wise setting and further investigate the qualitative/quantitative measures within the organ regions. In general,

2D segmentation approaches take separated slices for learning slice-wise representation (32; 31; 257; 29),

while 3D segmentation approaches have also taken places to extract representations from a complete vol-

umetric scan (125; 141). Approach in different dimensionality has its corresponding advantages, such as

faster and low-cost memory in training for 2D approaches, extract spatial information between slices for 3D
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approaches. Furthermore, with the introduction of conceptual theory in vision transformers (ViTs) (52), mul-

tiple transformer networks achieve state-of-the-art performance on several 3D medical imaging benchmarks

for semantic segmentation (253; 74; 73). The key contribution of vision transformer is to extract features with

large receptive �eld with limited inductive bias, while the computation of attention mechanism is quadratic

complexity with respect to the input resolution, especially for volumetric medical images. Therefore, hierar-

chical transformers such as swin transformer, further address the limitation in vanilla transformer design and

extend the encoding design with the prior knowledge from convolution neural network (CNN) to tackle the

high-resolution prediction task. However, the sliding window strategies for extracting attentional features are

still highly dependent on the de�ned resolution of the input patches. Meanwhile, the conceptual and engi-

neering idea of sliding window behaves similarly with the kernels in convolution. Therefore, an alternative

of revisiting convolution modules can be explored to simulate the capability of hierarchical transformers and

enhances the segmentation performance with ef�ciency.

Apart from the generic design of the neural network backbone, another important aspect in deep learning

model is to interpret and evaluate the effectiveness of the meaning of the learned feature in a trained model.

Current deep learning models are often denoted as ”black boxes“, which demonstrates the insuf�cient context

bringing out from the learned model in terms of mathematical derivation and the learned features. Although

a lot of studies have been proposed to enhance the transparency of the model, it is still challenging to enhance

the interpretability of the learned features, especially for multi-object semantic segmentation. It is easy to

explain the features learned for single organ segmentation, while the single learned features cannot separably

explain each organ in multi-organ segmentation tasks. With the advance of contrastive learning (33), a variant

of self-supervised learning that learns the meaningful representations by pulling similar representations to-

gether and pushing dissimilar representations away, it demonstrates feasibility to de�ne feature embeddings

with semantic meanings introduced by ourselves. Another explorative direction can be focused on de�ning

an explainable feature space that bene�ts the robustness of multi-organ segmentation task by introducing

different meaningful context to classify embeddings.

With the enhanced quality of segmentation predictions from deep learning models, we then generate

multi-organ segmentation for large population imaging samples from research cohort. We observe that sub-

stantial variation in morphology of different organs are demonstrated across populations due to the variable

demographics (e.g., ages, sex, blood type). Although we know that the patients' condition is healthy from

demographics, there is no standardized biomarkers in imaging level to de�ne the healthy condition in organs.

Therefore, a reference template is needed to generalize the anatomical information across population with

preserved contrast characteristics (due to the variability of imaging protocols).

In this thesis, We aim to innovate explainable learning strategies to optimize deep neural network for
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Figure 1.1: To visualize different anatomical regions with meaningful context, several imaging modalities
have been widely leverage in current clinical scenario: 1) X-ray, 2) computed tomography (CT), 3) magnetic
resonance imaging (MRI) and 4) positron emission tomography (PET).

medical image segmentation and generate organ-speci�c atlases to enhance the corresponding anatomical

understanding. Novel approaches are used to increase the explainability of representations extracted and the

computed gradient in deep learning models in theory. With the enhanced robustness of segmentation model

across multi-modality imaging, we further leverage the predicted segmentation labels to generate anatomical

reference template to provide a clearer organ-speci�c understanding across large-scale populations.

1.2 Medical Imaging

To visualize the interior of our human body, medical imaging is an essential platform that provides the �ne-

grained details of each organ/tissue structure. Common imaging modalities in current clinical scenario can

be divided into multiple perspectives, such as 1) X-ray (207), 2) computed tomography (CT) (18), 3) mag-

netic resonance imaging (MRI) (213) and 4) positron emission tomography (159) (as shown in Figure 1.1).

Within the imaging modalities, substantial differences are also demonstrated across organs/tissues within the

perspectives of MRI by leveraging different protocols, as shown in Figure 1.2. Moreover, contrast enhance-

ment is performed in the imaging procedures by injecting contrast agent (e.g., barium sulfate, iodine) into

patient's body before imaging. Its goal is to enhance the anatomical details between neighboring organs with

respect to the retaining time of contrast agent in blood �ow (80). Such great variety of contextual informa-

tion further allow clinicians to enhance the con�dence level of classifying patient's conditions with imaging

biomarkers. Five different contrast phases are typically de�ned in the imaging cycle: 1) non-contrast phase,

2) early arterial phase, 3) late arterial phase, 4) portal venous phase and 5) delayed phase (as shown in Figure

1.3) (46). The variation of the contrast intensity bene�ts to capture and specify the �ne-grained details in

each organ. For instance, both early and late arterial phases abdominal CT can demonstrate a higher intensity

contrast for aorta and the internal substructures of kidneys (201), while portal venous phase CT demonstrates

additional contrast respect to hepatic vein and liver (69). By contrast, non-contrast abdominal CT is also
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Figure 1.2: With different imaging protocols, substantial intensity differences are demonstrated across organ-
s/tissues, even within the perspective of MRI modality.

widely and conveniently available for broadly usage in clinical scenarios (162; 191). It is routinely acquired

as a diagnostic modality for detecting renal stone or intramural hematoma in aorta organ (59; 193).

1.3 Medical Image Segmentation

With the enhancement of contrast intensity towards different organs, we can localize each organ of interest

with the corresponding anatomical and structural details. However, it is challenging to automatically extract

the contextual information of organs such as volumetric and morphological measures, because there is no ad-

ditional pixel/voxel-wise guidance to extract the organ regions speci�cally. To generate accurate pixel/voxel-

wise localization for each organ, image segmentation is performed to generate a one-hot mapping that bound

the region of interest for localization (169), as shown in Figure 1.4. It is vitally important to have an accu-

rate organ segmentation mapping to extract meaningful context for further investigation, such as verifying

patients' condition in liver after performing liver transplant. However, the most naive way to generate seg-

mentation is to manually annotate the region of interests, which consumes signi�cant amount of time and

efforts for clinicians. To reduce time of efforts, mathematical algorithms and machine learning technique are

proposed to enhance the automatic segmentation with robustness (39; 182; 45; 150). Popular medical image

segmentation tasks have been performed across scale, such as multi-organ segmentation in abdominal region

(125; 198), liver and tumor segmentation (139; 15), brain and tumor segmentation (172; 75; 103; 230; 218; 73)
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Figure 1.3: By the time of injecting contrast agent for contrast enhancement, the contrast intensity of particu-
lar organs are enhanced, which provides feasibility to localize clear anatomical context between neighboring
organs.

and cell segmentation (149; 13). Early approaches in medical image segmentation depends on the edge de-

tection (239), template matching techniques (116), statistical shape model (166) and active contours (194).

To enhance the robustness and computation ef�ciency for segmentation, machine learning techniques are

following with the metric-based approaches and introduce to extract hierarchical feature representations of

images and improve the segmentation performance. With the introduction of machine learning concepts, the

perspectives of automatic segmentation are further divided into two categories: 1) semantic segmentation

(30; 31; 133), and instance segmentation (28; 231). Semantic segmentation is a pixel/voxel-level classi�-

cation that assigns a corresponding category to each pixel / voxel in an image, while instance segmentation

further distinguishes multiple instances on the basis of speci�c categories.

1.4 Organ Segmentation with Machine Learning

In each region of interest in the human body, complicated spatial relationship exists between neighboring

organs and tissue structures. It is challenging to explore the feasibility of organ localization without addition

guidance. Therefore, an accurate segmentation algorithm is demanded to extract contextual information

across scales and further perform population-wise clinical measurements with the segmentation guidance.

Deep learning, one of the evolutional machine learning techniques, have contributed signi�cant efforts in

generating automatic segmentation throughout 2020s, especially for medical imaging (120). The simple

insights behind deep learning is to generate a network to model human neural system and the basic unit of

transferring the information throughout the network is a neuron. In biology, each neuron receives signals with
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