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Abstract

A massive amount of medical image data, e.g. from Computed Tomography (CT) and

Magnetic Resonance Imaging (MRI), is generated from hospitals every day. Biological

structure segmentation is very useful to support surgery planning and treatments, as

an ideal delineation of the outline of the target object can offer a precise location and

quantitative analysis for further clinical diagnoses such as identification of tumorous

tissues. However, the large dimension and complex patterns in medical image data make

manual annotation extremely time-consuming and problematic. Accordingly, automatic

biomedical image segmentation becomes a crucial pre-requisite in practice and has been

a critical research issue over tens of years.

However, major challenges exist in medical image segmentation such as the low inten-

sity contrast to surrounding tissues and complex geometry of shape. Moreover, limited

amounts of labeled training data give rise to difficulties as well. Numerous approaches

have been proposed to mitigate these challenges, from low-level image processing to

supervised machine learning techniques. It is worth mentioning that statistical shape

models (SSMs) based segmentation approaches have achieved remarkable success in a

widespread of applications. SSMs are trained mostly using self-learning approaches to

parameterize the significant variabilities of biological shapes, subsequently, the learned

shape prior is adopted in image adaption to guide the shape fitting. Despite the success,

SSMs-based segmentation approaches suffer from the limitation that the power of SSMs

rises and falls with the quality of training data and geometrical complexity of the target

shape. Furthermore, the existing image adaption may not be efficient in cases where

the target object has a small and distorted structure. Therefore, this thesis aims to de-

rive SSMs that are robust to training data corruption and are able to represent complex
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patterns, and address the problem of the poor image adaption to realize the challenging

object segmentation.

As training data is often corrupted by many factors like inherent noise/artifacts and

non-ideal delineations in this thesis, many efforts have been devoted to developing SSMs

that are robust to data corruption. First, early attempts proposing an imputation method

and weighted Robust Principal Component Analysis (WRPCA) have been made to ad-

dress arbitrary corruptions under the assumption of linear distribution. Nevertheless,

deriving a quality model is still demanding as the shape variance of biological structures

may not simply follow Gaussian distribution. To combat this, a kernelized RPCA is

proposed to cope with outliers in a nonlinear distribution. The idea is performing the

low-rank modeling on the kernel matrix to achieve nonlinear dimensionality reduction,

and outlier recovery thereof.

To increase the generality and feasibility, this thesis, furthermore, presents a general

nonlinear data compression technique, the Robust Kernel PCA (RKPCA), with the aim

of constructing a low-rank nonlinear subspace free of outliers. In terms of evaluation,

the proposed RKPCA delivers high performance on not only creating SSMs but also on

outlier recovery. Experiments are conducted using two representative datasets, a set of 30

public CT kidneys and a set of 49 internal MRI ankle bones. Embedded into an existing

segmentation framework, experimental results show that SSM built with the proposed

RKPCA outperforms the state-of-the-art modeling techniques in terms of model quality

and segmentation accuracy.

Since SSMs fail to adopt in cases where the target structure occupies a relatively

small or distorted area, deep neural networks that remedy this shortcoming are consid-

ered thereof. However, redundant background contents in 3D volume may significantly

influence the accuracy of deep deep neural networks. Aiming at challenging structures

that occupy relatively small areas and have large variances, a novel unified segmentation

framework is proposed that incorporates SSM on the top of deep neural network for de-

tailed refinement. The motivation is aggregating both spatial and intensity based features

from a limited amount of data. Globally optimized via Bayesian inference, the segmenta-

tion is driven by a dynamic weighted Gaussian Mixture Model integrating the probability

ii



scores from the deep neural network and the shape prior from the SSM. Under a public

NIH dataset of CT pancreas, the proposed segmentation framework achieves the best

average Dice Similarity Coefficient compared to the-state-of-the-art approaches.

The majority of this work is based on public tools: the Medical Imaging Inter-

action Toolkit (MITK) for SSMs investigation and analysis and the public library

Keras for deep neural networks development. All medical image datasets used in this

thesis have been validated by clinical experts.
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Chapter 1

Introduction

1.1 Background

With the development of digital data acquisition, massive amounts of medical image

data from imaging modalities like Computed Tomography (CT) and Magnetic Reso-

nance Imaging (MRI) are generated from hospitals every day. Biological structure and

organ segmentation, i.e. delineation of the outline of a target object, is greatly useful to

support surgery planning and treatments as it allows for quantitative analysis of intensity

and contour. However, the manual annotation by experts is extremely expensive, time-

consuming and problematic due to the large dimension and ever-increasing quantity of

3D radiological scans. Therefore, it is impracticable to label a sufficiently large datasets

for quantitative analysis, which makes automatic segmentation a crucial pre-requisite in

the computer-aided detection pipeline.

Particular challenges exist in biomedical image segmentation. First, often the bound-

ary of target object is ambiguous due to the low intensity contrast to its surrounding

tissues, e.g. the boundary between CT pancreas and liver may often be invisible (cf. Fig.

1.1). Secondly, the shape variability of biological structures, e.g. the pancreas (cf. Fig.

1.1) is often quite large across the population. Moreover, with the rapid development of
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pattern recognition and machine learning, the low-level image processing techniques are

gragually replaced by the model-based approaches, e.g. shape models, appearance mod-

els and neural networks. However, it is usually hard to collect a sufficiently large dataset

of labeled medical images processed by pathologists to train models for segmentation.

Addressing these major challenges in biological structure segmentation is the focus of

this thesis.

Figure 1.1: This figure illustrates the challenges in medical image segmentation, e.g.
low-contrast of intensity and large variabilities of shape.

Automatic segmentation has been a critical issue for tens of years, and plenty of

sophisticated approaches have been developed and achieved considerable results in var-

ious applications. As aforementioned, machine learning approaches, e.g. clusterings,

classifiers and deformable shape models, have taken place of low-level pixel processing

techniques over the past decade. Furthermore, deep neural networks have recently per-

vaded the whole field of medical imaging and become the preferred choice for researchers

in segmentation according to a rapidly growing number of publications [2]. However

despite its impressive success, particular challenges in medical imaging exist, e.g. small
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size of training data and less intensity features, which inhibit deep neural networks from

achieving satisfactory accuracies. Motivated by this, statistical shape models (SSMs)

[3] are chosen to form the segmentation baseline because of the remarkable accuracy in

various applications based on the shape prior. Furthermore, training SSMs takes less

computational cost compared to the deep neural networks as SSMs are mostly trained

in a self-learning manner. This thesis aims to develop novel statistical shape modeling

techniques for 3D medical image segmentation.

1.2 Motivation and Hypothesis

It is known that a SSM-based segmentation framework usually consists of two subparts:

shape modeling and image adaption. First, principal component analysis (PCA) is em-

ployed to extract a smaller number of principal components to represent the significant

variabilities across the training shapes, forming a statistics model of shape. Subsequently,

segmentation is realized by fitting the shape template to an unseen image until the opti-

mal boundary is found, which is called image adaption in this thesis. At this stage, the

image adaption is determined by the low-level intensity features and the high-level shape

prior simultaneously. However, SSM-based segmentation approaches may not achieve

satisfactory results when the shape model itself is not high quality due to the non-ideal

training data and complex geometrical structure, and/or the image adaption is not ca-

pable to handle challenging cases, specifically, as outlined as follows.

1.2.1 Data Contamination

The power of SSM-based segmentation rises and falls with the quality of the shape model.

Unfortunately, the quality of training data is often severely deteriorated by factors like

imaging artifacts, missing areas and label noise caused by non-ideal annotations even
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by domain experts (cf. Fig. 1.2), which may significantly degrade the efficiency of

SSMs.

Suppose we have a data matrix D constructed from the training samples, PCA aims

to seek a low-dimensional subspce X where the dominant data lie on by minimizing

‖D −X‖2, i.e., the sum of l2 norms of the residuals of the matrix decomposition [5].

However, it is brittle because any gross outlier will affect the optimization results and

make the estimated subsapce X far from the true subspace X. Therefore, PCA is known

to be sensitive to gross outliers.

This motivates us to develop robust matrix factorization techniques to learn the sig-

nificant variabilities for statistical shape modeling, which are robust to arbitrarily dis-

tributed outliers (cf. Fig. 1.2-(b)) and/or missing data (cf. Fig. 1.2-(c)) in training

samples. Subsequently, the proposed algorithms can be validated upon a set of train-

ing data containing varying degree of corruptions, by evaluating the ability of outlier

recovery.

(a) (b) (c)

Figure 1.2: This figure illustrates examples of data corruption: (a) is a normal case of
ankle bone shape; (b) shows a corrupted shape data with abnormal subpart (marked by
a black square); (c) is an incomplete ankle shape with the missing areas (marked by a
black square).
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1.2.2 Complex Geometry

In addition to the data contamination, it is still demanding to derive a quality model

for the biological structures with complex geometry, as the shape variance does not

always follow a simple Gaussian distribution. Fig. 1.3 illustrates such an example of

multimodally distributed object. Each single kidney, i.e. the left kidney and the right

kidney, can be modelled by a unimodal distritbuion, whereas, the shape of combined left

and right kidneys follows the multimodal distribution. Similar example can be found

in Fig. 1.2-(a), where the ankle bone consists of 9 independent bones and follows a

multimodal distribution as well. Besides, some nonlinear biological structures do not

have a valid mean shape that cannot represent any existing vertebrae, e.g. the vertebrae

in [90].

It is known that PCA model represents significant variances in a linear subspace that

assumes to be a Gaussian distribution without bounded support. As a consequence,

it lacks the ability to capture nonlinear patterns from such non-Gaussian distributions,

which usually have bounded or semi-bounded domains. For example, the shape of kidney

pair follows a non-Gaussian distribution (cf. Fig. 1.3) where the landmarks on the shape

have bounded ranges. When the linear PCA model is applied on the kidney pair, invalid

samples are generated from the model that have abnormal poses (cf Fig. 1.3-(b), (c)).

This motivates us to consider nonlinear models for non-Gaussian distributions using the

Kernel PCA (KPCA), which can be considered as the nonlinear version of PCA.

Even though the nonlinear patterns can be exploited by KPCA and combined multi-

object models, data corruption in nonlinearity is rarely addressed in literature. As afore-

mentioned, data contamination can be solved by robust matrix factorization. Accord-

ingly, this thesis aims to project the linear robust matrix factorization onto a nonlinear

space to remove outliers in complex geometry. Upon a set of training shapes with complex
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geometrical structure, e.g. a multimodally distributed object, the proposed algorithms

can be validated by artificially corrupting the training data.

(a) (b) (c)

Figure 1.3: This figure illustrates a multi-object model of kidney pair, where (a) indicates
the mean shape with normal variance, (b) and (c) show the exceptions with abnormal
poses.

1.2.3 Poor Image Adaption

Although the SSM has a good quality, SSMs-based segmentation approaches may fail to

achieve considerable results mainly because of the poor image adaption. On one hand,

SSMs are often falsely initialized when the target object has a small, soft and highly

deformed structure (cf. Fig. 1.4). This will affect the further shape fitting when the

image adaption is not robust to the false model initialization. On the other hand, it is

commonly seen that the target region has a blurry and invisible boundary due to the

low contrast to its surroundings. Therefore, an efficient image adaption procedure is

necessary to cope with such challenging cases.

Motivated by this, we aim to develop a robust image adaption procedure to achieve

satisfied results in challenging segmentation cases. Sophisticated machine learning meth-

ods can be leveraged to extract discriminative intensity features not only to guide the

landmark fitting, but also to provide a rough initialization to the SSM. In a word, this

thesis aims to develop a novel unified SSM-based segmentation framework for challenging

cases.

6



Chapter 1. Introduction

(a) Axial View (b) Sagittal View (c) Coronal View

Figure 1.4: This figure illustrates an example of small organ (marked in red), i.e. pan-
creas, from the Axial, Sagittal and Coronal view respectively.

1.3 Summary of Contributions

The major contributions are listed as follows.

• Focusing on self-learning shape modeling, this thesis presents a novel kernelized

Robust Principal Component Analysis (KRPCA) for statistical shape modeling

aiming at handling data corruption in nonlinear distributions, which is the major

contribution in Chapter 3. Based on the well-known RPCA [5], an efficient tool

of seeking a lower rank subspace free of outliers from the arbitrarily corrupted

training data. The idea of the proposed kernelized RPCA is performing RPCA on

the kernel space projected from training data. Since the kernel matrix represents

the affinities between each pair of training data, a low-rank subspace recovery is

performed to extract the primary clustering information and filter out unrelated

ones. The outliers are discarded through dimensionality reduction in this kernel

matrix. In this manner, the SSM created with the proposed KRPCA is robust

to arbitrary corruption and capable to handle nonlinear data. Experiments are

conducted to evaluate the model quality derived with the proposed approach and

the state-of-the-art techniques based on a set of in-house MRI ankle bones, where

each ankle bone involves 9 individual sub-parts. Evaluation results show that the
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model built with the proposed KRPCA has a higher quality than other state-of-

the-art methods.

• Extended from the KRPCA, a novel generic Robust Kernel Principal Component

Analysis (RKPCA) is proposed for nonlinear shape modeling with a rigorous and

complex mathematical derivation, which is the major contribution in Chapter 4.

Quantitative evaluation is conducted using two different representative datasets:

(1) a set of 30 public CT volumes of kidney pair and (2) a set of 49 MRI volumes

of ankle bones. As explained, both the shapes of kidney pair and ankle bone are

multimodally distributed with nonlinear features. Rich experiments are conducted

to validate the proposed RKPCA and compare with the state-of-the-art meth-

ods. In order to evaluate the ability of recovering outliers, we artificially generate

training shapes with various degree of corruption and compute the reconstruction

errors, i.e. the distance between the reconstructions by the competitive methods

and the corresponding ground truth data. Moreover, generalization ability, speci-

ficty and compactness are computed to measure the quality of SSMs created using

competitive methods. The quality of models reflects the performance of the meth-

ods. Grounded with an existing image adaption, the built SSMs are employed in

segmentation afterwards. In terms of the reconstruction error, model quality and

segmentation accuracy, our proposed RKPCA shows a statistically better perfor-

mance compared to the others.

• On the basis of the built SSMs, we focus on developing an image adaption ap-

proach to achieve the whole segmentation procedure aiming at challenging struc-

tures. Therefore, a novel Bayesian model is proposed that incorporates the SSMs

with the output probability score from deep neural network for segmentation, which

is the major contribution in Chapter 5. The motivation is aggregating both the

spatial context exploited from the shape model and the intensity features from the
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deep neural network. Moreover, the local shape statistics and global initialization

clues together boost the segmentation accuracy. This full use of the data bene-

fits the segmentation, especially when the datasets is limited. It is worth pointing

out that there are no limitations to the choice of the deep neural network and the

SSM. In this thesis, we improve the popular architecture UNet by replacing the

stacked convolutional layers in downsampling path with the dense blocks from the

DenseNet [6], in order to ameliorate the computational cost and strengthen the

feature propogation. This neural network is utilized as a pre-prossing and called

’DenseUNet’. In evaluation, experiments are performed on 82 CT datasets of the

challenging public NIH pancreas dataset, where the pancreas demonstrates very

high inter-patient anatomical variability (cf. Fig. 1.1). The experimental results

report 85.32 % of the mean Dice coefficient similarity that outperforms the state-of-

the-art and approximately 12 % improvement from the predicted segment of deep

neural network.

1.4 Thesis Organization

The organization of thesis is outlined as follows:

Chapter 2 provides a concise overview of medical image segmentation areas and ap-

proaches, followed by a detailed introduction of statistical shape models with practical

applications. In Chapter 3, an overview of the matrix factorization techniques address-

ing the problem of data contamination is provided, followed by the pipeline of statistical

shape modeling using the proposed Kernelized RPCA. Chapter 4 reviews the nonlinear

compressive sensing methods and presents the detailed mathematical explanation of the

proposed generic RKPCA, which is an extension from Kernelized RPCA and validated

with rich experiments. In Chapter 5, the whole pipeline of the novel segmentation frame-

work for challenging structures is provided, consisting of the DenseUNet and the Bayesian
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model. Experiments are conducted upon a publicly available NIH CT pancreas, where

segmentation accuracies are compared with the state-of-the-art approaches. Chapter 6

concludes the thesis and provides some research directions for future work as well.

10



Chapter 2

Literature Review

This chapter first conveys a concise overview of medical image segmentation, consisting

of major application areas and approaches that are the most frequently used; secondly,

introduces the pipeline of statistical shape modeling as well as its recent applications.

Publications referred in this survey are mainly published at medical imaging related jour-

nals like IEEE Transactions on Medical Imaging, Medical Image Analysis, and confer-

ence proceeding of MICCAI. Note that the mentioned references are very representative,

namely, either the most often cited or the latest.

2.1 Medical Image Segmentation

2.1.1 Overview of Application Areas

In the following, we briefly review the key applications and make copious reference to

the recent research issues listed on All Grand Challenges1. Table 2.1) reports an

overview of a widespread of medical image segmentation applications, which can be

generally divided into two categories: anatomical organ/substructure segmentation and

pathology segmentation. To be specific, anatomical organ/substructure segmentation

1http://www.grand-challenge.org
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assumes the pixels belong to the region of interest have similar image properties like

texture and intensity. Furthermore, the shape variability can be learned under certain

criterion. Differently, pathological structures, e.g. tumor and nodule, are usually very

small and have uncertain appearance.

Table 2.1: Major Application Areas
Category Remark

Anatomical
Organ/Structure

Brain
brain ROI [7]; hippocampus[8];
brain tissue [9, 10]; AVP [11]

Chest lung structure [12]; airway [13]; thoracic vessel [14]
Cardiac left [15] /right [16] ventricle; whole heart [17]
Eye blood vessel [18]; retinopathy [19]

Abdomen
liver [20]; kidney [21]; pancreas;
spleen [22]; prostate [23, 24]

Skeletal
knee cartilage [25]; vertebrae [26]; hip [26];
foot [27]; head and neck [28]; hand [29]

Pathology

Tumor
brain tumor [30]; prostate cancer [31];
breast cancer [32, 33]; skin lesion [34];
cervical cell [35]

Gland gland segmentation challenges [36, 37]
Nodule pulmonary nodules [38, 39]

2.1.1.1 Anatomical organs and substructures segmentation

Brain: A large number of works address segmentation of brain and its anatomical sub-

structures, e.g. hippocampus and tissue. In [9], MRI brain is segmented into several

anatomical regions using deep neural network; in [10], a novel Voxel-wise Residual Net-

work (VoxResNet) is applied to segment key brain tissues. Addressing the injured brain,

[7] presents a robust segmentation approach for MRI brain with gross abnormalities.

Besides brain tissues, a novel approach based on locally normalized cross correlation in-

corporating an extension of conventional STAPLE algorithm is proposed and applied in

hippocampus segmentation in [8]. In [11], Mansoor et al. present an automated segmen-

tation framework for MRI Anterior Visual Pathway (AVP) using a deep neural network
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incorporating a partitioned statistical shape model.

Chest: Thoracic analysis, e.g. detection and segmentation, from radiography and

CT is commonly addressed in literature. In [12], lung boundary is detected based on

a patient-specific atlas with a local graph cut refinement, where the proposed method

is validated using both normal cases and lungs with various diseases. Addressing 3D

airway tree structure segmentation, Xu et al. [13] propose a computational framework

to quantify airways considering of the speculated shapes with branches and bifurcation

points on airways. Challenge VESSEL12 [14] is proposed with the aim of automatic

CT thoracic vessel segmentation, as manual vessel segmentation is laborious and time-

consuming.

Cardiac: Several challenges on cardiac segmentation are presented on the All Grand

Challenges, e.g. 2009 Cardiac MR Left Ventricle Segmentation Challenge, 2012 MRI

RV Segmentation, 2014 CETUS 3D Ultrasound Cardiac Segmentation and 2017 Multi-

modality Whole Heart Segmentation. Upon the datasets provided by 2009 Cardiac MR

Left Ventricle Segmentation Challenge, [15] employs deep neural networks combined with

deformable shape model in MRI left ventricle (LV) cardiac segmentation. In [16], an auto-

matic MRI right ventricle (RV) segmentation framework is presented using random forest

classifier, which gives probabilities of being RV and background for each pixels. In [17],

a multi-modality MRI whole heart segmentation framework is presented using a novel

multi-scale patch scheme, which offers different levels of structural information.

Eye: Retinopathy detection and segmentation is a crucial pre-requisite step in real-

istic applications, e.g. diabetic retinopathy screening. In [19], Zhang et al. propose an

automatic exudate detection framework based on random forests, which can be used for

denoising and detection reflections and imaging artifacts. In [18], a novel thresholding

segmentation approach for blood vessel structure is proposed addressing large variations

in illumination and thin vessels.
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Abdomen: To date, a large number of abdominal organs segmentation approaches

are proposed, and large anatomical structures such as liver, kidney and spleen have met

considerable segmentation accuracies. In [20], a novel liver segmentation framework is

proposed, which is robust to pathologies and validated upon two popular public databases

SILVER07 and IRCADb. In [21], Norajitra et al. propose a 3D SSM based segmentation

approach incorporating with landmark-wise random regression forests for CT kidney seg-

mentation. The work [22] focuses on MRI spleen segmentation addressing the challenge

of large structural variation in 3D MRI scans. Within the scope of abdominal organs,

pancreas segmentation is an extremely challenging task due to the ambiguous boundaries

and large anatomical variations. A concise survey of pancreas segmentation is provided in

Chapter 5. MR Prostate segmentation has raised extensively attention as well as it plays

an important role in prostate cancer radiotherapy, on which challenges are proposed,

e.g. 2012 Prostate MRI Segmentation (PROMISE12). In [23, 24], an automatic MRI

prostate segmentation approach is proposed addressing the inhomogeneous and diverse

appearance variance of prostate.

Skeleton: In addition to the soft tissues, skeletal anatomical segmentation is com-

monly addressed as well, e.g. vertebrae, knee cartilage, hand and ankle bones. Several

challenges on vertebrae segmentation are proposed, e.g. 2014 Spine and Vertebrae Seg-

mentation Challenge, 2015 MICCAI Spine Workshop and xVertSegt Challenge 16. Early

works aim at segmenting each vertebrae, whereas, recent approaches are proposed to

extract multi-vertebrae bones simultaneously. In [26], a novel shape and pose model is

proposed for CT spin segmentation by exploiting the common statistics among the differ-

ent anatomies. In [25], deformable model incorporating weighted shape priors is applied

in MRI hip joint segmentation. Prasoon et al. propose [40] a novel system for knee car-

tilage segmentation that integrating three 2D deep neural networks, which are trained

based on the slices extracted from Axial, Sagittal and Coronal planes respectively.
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2.1.1.2 Pathology segmentation

Tumor: Tumor detection and segmentation has become an active research area recently,

which has challenges like low-contrast to surroundings and irregular borders. The work

[30] provides a report of comparable segmentation results addressing the challenge BraTS

organized by MICCAI conference, which aims at segmentation of brain tumor in MRI

scans. Furthermore, [31] presents an automated computed-aided detection (CAD) sys-

tem for MRI prostate cancer detection and segmentation, achieved by multi-atlas based

approach incorporating a classifier. Public challenges on breast cancer detection, e.g.

CAMELYON17 Challenge , have raised attention in literature as breast cancer is one

of the most prevalent cancers for female. In [32], Veta et al. provide an overview of

breast cancer analysis followed by a discussion of techniques and applications. In [33], a

novel statistical learning technique for tumor segmentation is proposed, which is based

on Hidden Markov Models and applied in breast cancer diagnosis. In [34], a skin lesion

segmentation is proposed by deep neural networks trained end-to-end, which is validated

upon the public datasets provided by the public challenge 2016 ISBI Skin Lesion Analy-

sis Towards Melanoma Detection. In [35], Song et al. present an automatic segmentation

of cervical abnormal cells based on robust shape priors in order to tackle the challenges

of overlap.

Gland: Accurate glands segmentation from histology images is very useful for quan-

titative diagnosis by pathologists. In [36], Chen et al. propose a unified deep contour-

aware network (DCAN) for gland segmentation. The proposed approach is robust to

large pathology and achieves the best result in the public challenge 2015 MICCAI Gland

Segmentation. Addressing colorectal cancer segmentation, challenge 2015 Gland Seg-

mentation in Colon Histology Images Challenge Contest is proposed and raised much

attention. In [37], a detailed introduction is provided, including the datasets, evaluation

measurements and state-of-the-art techniques tackling colon cancer.
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Nodule: Recently, a popular challenge LUNA16 is proposed [38] with the aim of

automatic detection of pulmonary nodules in thoracic CT scans. In [39], Want et al.

propose a novel lung nodule segmentation framework based on convolutional neural net-

works addressing the difficulties like heterogeneity and low-contrast of characteristics to

neighboring tissues.

To summarize, medical image segmentation application areas can be roughly cat-

egorized into two classes: anatomical organ/substructure segmentation, including soft

tissues and hard tissues, and pathology segmentation, including tumor and nodule. Ap-

parently, it can be found that the number of publications addressing anatomical structure

segmentation is larger than that of pathology segmentation. Whereas, with the rapid de-

velopment of deep neural networks, lesion detection and segmentation have raised more

and more attention in recent years.

2.1.2 Overview of Major Approaches

In literature, a great deal of methods are presented for a widespread of medical image

segmentation applications, which are categorized as follows.

Table 2.2: Approaches in medical image segmentation

Category Techniques
Low-level pixel processing edge detection [41]; region growing [42]

Clustering k-means [43]; fuzzy c-means [44]
Classifier SVM [45]; KNN [46]; random forests [47]

Graphical models MRF [48]; CRF [49]; graph cuts [50]
Shape models ASM [4]; SSM [3]

Deep neural networks FCN [51]; UNet [1]; SegNet [52]
Others level set [53]; atlas-based methods [54]

Low-level pixel processing: Initially, medical image segmentation is achieved using

the low-level image processing techniques. For instance, a novel edge detection technique
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is proposed in [41] based on mathematical morphology, e.g. dilation and erosion, to

suppress noise and adapt to different edges. In addition to edge filters, region-based

approaches like region growing [42] are commonly used in segmentation applications as

well, which learn the homogeneity properties automatically from the seeds located in the

target region where the learned homogeneity and characteristics are updated continuously

in the segmentation.

Clustering: With the development of pattern recognition and machine learning, the

low-level pixel processing is gradually replaced by the statistics analysis based on a set

of training data. That is to say, discriminative features are learned automatically from

a high-dimensional data space and used to determine the optimal boundary. Hereby,

numerous clustering and classifier techniques are employed in segmentation. Under an

unsupervised learning, clustering approaches, e.g. k-means and fuzzy c-means, compute

the mean and covariance for each class, followed by clustering each pixel to the closest

class iteratively. In [43], a novel approach incorporating k-means and an improved wa-

tershed is proposed for MRI segmentation, where the unsupervised k-means clustering is

used to obtain a primary result followed by the watershed refinement. In [44], a modified

fuzzy C-means (FCM) is developed for MRI segmentation.

Classifier: As opposed to clustering, classifiers partition the feature space into classes

under supervised learning. In [45], Wang et al. integrate the landmark-based shape de-

formation and a regularization using a novel constrained support vector machine (SVM)

to extract scalp contours from brain in cryosection images. Addressing the problem of

high dimensional data and limited size of training set, a Bayesian model incorporated

with appearance shape model is proposed in [55] to extract intra- and inter- variabilities

for brain ROI segmentation. K-nearest neighbor classifier is adopted in [46] to classify

the brain tissues in MRI. To address the challenges in segmentation, authors prefer to

integrate multiple basic classifiers to achieve satisfactory. Furthermore, random forests
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[47] deliver considerable efficiency in local intensity features classification in a wide range

of applications. In [56], random forests are used to quantify the learned discriminative

features in Cardiac RV, liver and kidney segmentation. In [57], a modified random forests

is utilized to learn local features for kidney components segmentation. Wu et al. employ

the random forest as a regressor to guide deformable model fitting for MRI brain ROI

segmentation.

Graphical models: Graphical probabilistic models, e.g. Markov Random Field

(MRF) [58] and conditional random field (CRF) [49], are commonly used in medical

image segmentation, under the assumption that pixels belong to region of interest (ROI)

have similar intensity and texture. As a statistical model, MRF can be easily incorporated

in any segmentation framework due to its flexibility. In [48], a MRF based energy function

incorporated with level set is proposed in order to enhance the robustness to noise for

medical image segmentation. Graph cut, proposed in [50], efficiently forms the basis

of segmentation constraint and can be easily incorporated with other machine learning

methods with a balance strategy. In [59], Chen et al. integrate graph cuts with active

appearance model (AAM) to segment liver, kidney and spleen on a public CT datasets.

In [60], the basic graph cut is improved and reformulated to a deep cut and embedded

into the deep neural network.

Shape models: From 1990s, the deformable shape models have achieved success

in segmentation, such as, active shape model (ASM), active appearance model (AAM)

[4], active contour model (ACM) and [61]. The motivation behind is fitting a shape

template to an unseen image data, where the adaption is determined by low-level image

intensity features and high-level shape prior simultaneously in a unified framework. The

shape prior is represented by a statistical shape model [3, 62], which learns and quantizes

the significant shape variabilities. The shape prior learned from SSMs is very valuable
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to boost the segmentation performance. With long tradition, SSMs have been success-

fully employed in a various of applications, especially in anatomical organ/substructure

segmentation.

Deep neural networks: Deep neural networks have become preferred in computer

vision over the past five years. It is found that the deep neural networks have permeated

almost the entire field, in particular, the number of publications grow rapidly since the

year of 2015. Despite the impressive success in computer vision, it is known that the deep

neural networks highly depend on the number of labeled training data. However, often

the medical image data with labels are hard to collect, which inhibits many deep neural

networks from achieving satisfactory results. Still, deep neural networks like UNet [1]

as well as 3D UNet [63] have achieved considerable results in segmentation. It is worth

mentioning that a survey of deep learning in medical imaging is provided in [2]. As

aforementioned, many existing deep neural networks cannot achieve satisfactory results

in the challenging cases of segmentation, due to the factors like small number of training

data and limited computing memory. To combat this, usually a basic deep neural network

is combined with other machine learning approaches in practice like graphical models

MRFs, CRFs and SSMs to refine the segmentation output, which are applied on top

of the probability score map produced. In [64, 65, 66], CRF is applied at the end for

segmentation refinement. Similarly, MRF is often incorporated into segmentation as well.

The MRFs parameter the spatial interactions between neighbor pixels, where the pixels

belong to the same class are taken into account. Zhang et al. propose a novel hidden

MRF in [58] under the EM inference for MRI brain segmentation. In [67, 68], MRFs are

associated with deep neural networks. In addition to the graphical models, deep neural

networks are combined with shape prior in [11, 69]. Other applications in medical image

segmentation using deep neural networks can be found in [70, 71, 72, 73].
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Level set: Level set [53] is another popular technique in segmentation due to its

flexibility. Different from the active contour models, level set does not rely on landmark

representation, as it leverages an implicit high dimensional function to represent the

evolving contours as a zero level set, which can easily handle the topological changes. In

[74], Farhangi et al. present a general segmentation framework for X-ray CT lung nodules

detection, which is driven by a level-set evolution and an additional term representing

the valid prior shapes. In [75], the level set evolution is reformulated and embedded into

the deep neural network architecture.

Atlas-based methods: Atlas-guided method [54] is a powerful in medical image

segmentation, where the atlas is generated from the target anatomy and used as a refer-

ence in segmentation. In [76], a multi-atlas based segmentation framework is proposed

integrating an image similarity metric with a contour similarity prior for prostate seg-

mentation. In [77], Wachinger et al. propose an automatic atlas-based segmentation

framework under Bayesian inference for glands in head and neck.

2.1.3 Discussion

This section overviews the major segmentation application areas (cf. Table 2.1) and

the most commonly used approaches tackling different segmentation problems (cf. Ta-

ble 2.2). Conclusions can be drawn from the surveys that: (1) supervised classifiers

and deep neural networks efficiently harness multi-hierarchical image intensity based

features, whereas, deformable models are powerful in representing shape variabilities;

(2) deep neural networks have achieved satisfactory results in challenging segmentation

cases, however, they suffer from small size of training data and high computational cost;

(3) traditional machine learning approaches, e.g. classifiers and shape models, are flex-

ible in learning local features and do not highly depend on a large amount of training

data; (4) image-based approaches are more efficient in pathology segmentation where the
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target object has various shapes, and deformable models are more powerful in anatom-

ical structure segmentation, especially in cases of low-contrast intensity to surrounding

tissues.

2.2 Statistical Shape Models

Considering the major challenges and the application, this thesis focuses on SSM-based

segmentation framework. This section will introduce the baseline of statistical shape

modeling as well as its applications in medical image segmentation over the past five

years.

2.2.1 Baseline of Statistical Shape Modeling

Given a set of Ns training shapes extracted from 3D volumes via Marching Cubes, a

crucial pre-requisite step is the Procrustes alignment [78], the aim of which is to reduce

unnecessary variabilities caused by poses such as orientation and location. Subsequently,

usually a point-to-point groupwise correspondence is applied to the Ns meshes, in order to

assign the areas with similar features among all training samples the same landmark in-

dex. Accordingly, each shape contains Np landmarks that is represented as a column vec-

tor under the Point Distribution Model (PDM): x =
(
p

(1)
x , p

(1)
y , p

(1)
z · · · p(Np)

x , p
(Np)
x , p

(Np)
x

)
,

where
(
p

(i)
x , p

(i)
y , p

(i)
z

)
is the 3D Cartesian coordinate of the ith point on the shape. A col-

umn stacked data matrix X can be constructed that X ∈ R3Np×Ns = [x1, · · · ,xNs ].

PCA is applied to reduce the dimensionality as usually Np ≥ Ns. By performing eigen-

decomposition, the dominant first m eigenvalues λ1···m and eigenvectors N are learned. In

this manner, the high dimensional training data can be represented using a compressed

low-dimension feature space, which contains dominant data variability. Namely, a map-

ping from each data point x in the input space and the feature space is constructed
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as:

x = X̄ + Nb, (2.1)

where b ∈ Rm is the shape parameter in the feature space and X̄ implies the mean

shape vector in the training data set. Each component in b varies in the range

bi ∈ [−3
√
λi,+3

√
λi]. In terms of (2.1), each shape sample xi in the training set is

corresponded to a unique parameter vector bi, conversely, there exist only one recon-

struction in the training set from the shape parameter in feature space. At this stage,

the probability density function of the class of shape can be drawn from the learned

shape feature space.

2.2.2 SSM-based Segmentation Applications

Over the past decade, SSMs have been very successful in segmentation tasks which range

from organs to lesions, and from soft tissues to hard tissues. Early attempts using SSMs

on CT liver segmentation can be found in [79, 80], where the segmentation is driven by an

local image adaption with a global constraint learned from SSMs. In [81], a unified model

integrating two appearance sub-models and an adaptive shape sub-model is proposed to

segment pathological and healthy lungs. Albà et al. [82] present a generic SSM for

abnormal hearts segmentation, where the abnormality in patient data is approximated

and constrained by back propagation onto the SSM. In [83], a nonlinear SSM is derived to

represent nonlinear variance of the left ventricle and used in MRI Cardiac segmentation.

Associated with random regression forests, 3D SSM is applied in kidney segmentation

in [21]. Besides the single subject, SSMs are employed in multi-object segmentation

as well. In [84], a level-set-based SSM is proposed by conducting a branch-and-bound

search over an eigen-shape space and used in pancreas and spleen segmentation. In

[85, 86, 87], SSMs are employed in multi abdominal organ segmentation based on

a limited amount of labeled training data. In [85], a general framework of multi-organ
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segmentation is proposed that incorporates interrelations among multiple organs and

models conditional shape and local priors without the prior intensity knowledge. Besides

organs, SSM as well as its variations have proven to achieve fairly good results in small

region recognition [88, 89]. In [89], 4D-SSM is derived for lungs with large tumors

segmentation in 4D CT data.

In addition to the highly deformed soft tissues, segmentation for articulated joints of

hard tissue has attracted extensive attention as well. For instance, lumbar vertebrae is

an extremely challenging organ for segmentation due to its high complexity in geometry

and large variability of individuals, numerous works address this challenging segmenta-

tion tasks in literature [90, 26, 91, 92]. In [91], a statistical shape decomposition and

conditional model is proposed, the key technique of which is to reduce the complexity of

subparts and model inner-relationships. In [92], inner-space among individuals are mod-

eled in order to avoid the abnormal overlap, leading to the Statistical Interspace Model

(SIM). In [26, 93], a statistical multi-shape model joint with a pose model is adopted in

vertebrae and wrist bone segmentation respectively, note that the multi-object model

captures the variabilities of shape and pose simultaneously. Similarly, Chen et al. [94]

create a SSM incorporated the pose variation arising from articulations for wrist bone

segmentation. In [29], a shape and appearance model is derived for X-ray hand seg-

mentation, where the segmentation is optimized by a single global criterion under the

Maximum a posteriori inference. In our publications [27, 95], robust SSMs are derived

for MRI ankle bone segmentation which aims to cope with the data contamination and

capture nonlinear patterns respectively.

2.2.3 Nonlinear SSMs

The majority of approaches deal with complex geometry by incorporating other ma-

chine learning techniques and/or utilizing integrated shape and pose models under the
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assumption of a Gaussian-like distribution. In contrast to linear SSMs, the number of

approaches exploiting nonlinear variabilities of shape data is relatively small. However,

it is commonly seen that nonlinearity and linearity exist simultaneously in a probabilistic

distribution of a class of shape, e.g. the inner space between sub-parts. This motivates

an active area that generalizing the standard linear modeling techniques to nonlinear

spaces. A quantity of modeling techniques introduce a multi-object combined model to

model the nonlinear patterns, e.g. [26, 93]. A recent modeling approach is proposed in

[96], which endows a differential representation of shape with a nonlinear Riemannian

structure for identification of intra- and inter- population variability. Many biological

structures, however, contain nonlinearities even though the non-linearity might not be

always strong. In these cases, a linear model does not represent the anatomical struc-

ture well. On the other hand, Kernel PCA (KPCA) [97, 98] is often applied to capture

nonlinear variance of a model instead of standard PCA, e.g. [90, 83]. The idea of KPCA

is projecting the nonlinear input space onto an implicit high dimensional feature space,

where linear variances can be learned from. Due to the implicitness of the feature space,

the affinities of each pair of samples in the feature space is learned through a kernel trick,

therefore, a kernel matrix is formed. Note that the kernel trick can be chosen from many

different kinds depending on applications, where RBF is the most frequently used and

defined as:

κ(x, y) = exp
(
− ‖x− y‖

2

2σ2

)
,

where σ decides the degree of smoothness.

2.2.4 Discussion

Summarizing from the widespread of SSM-based segmentation applications, it can be

found that: (a) SSMs are mainly used in anatomical structure segmentation, from soft

tissues to hard tissues, owing to its efficiency in representing shape variability; (b) SSMs
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are extremely flexible in practice that it can be combined with clusterings and classifiers,

and other segmentation frameworks, e.g. level set and deep neural networks; (c) SSMs do

not highly depend on the amount of training data compared to the deep neural networks,

namely, shape variabilities can be learned even from a small amount of training data;

based on data compression, SSMs are trained with less computational cost and light

weight.

Table 2.3: Major challenges in statistical shape modeling

Major Challenges Reference

Nonlinearity
shape + pose model [26, 91, 93]

KPCA [90, 83]
Riemannian model [96]

Data Contamination
Probabilistic PCA [99]

low-rank modeling [100, 101]

Trained by PCA, standard SSMs suffer from limitations that they lack the ability to

represent nonlinear patterns, e.g. the inner space between subparts in spine, and are not

robust to corrupted training data. Table 2.3 delivers a brief overview of literature works

that address the major challenges. First, to represent nonlinear patterns, the work [26, 93]

create a statistical model parameterizing the shape variance that incorporates an extra

statistical model representing the pose and appearance of each subparts. Similarly, in [91],

complex geometry of spine is modeled based on PCA SSMs of each single vertebrae with

a conditional model for inter parts. Besides, the work [96] parameterizes nonlinear shape

variance using the a differential shape representation projecting onto a non-Euclidean

Riemannian space. Under a unified modeling scheme, KPCA is commonly used to learn

nonlinear patterns instead of joint linear models, e.g. KPCA model is created in [90,

83] for vertebrae and left ventricle respectively. Secondly, data corruption, which is

commonly seen in various applications, is also addressed in statistical shape modeling.

In [99], a probabilistic PCA under EM optimization is used to handle corruptions in
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training data. Under the same dataset, [100] employs the Robust PCA (RPCA) [5] that

delivers a better performance in outlier recovery compared to the probabilistic PCA in

[99]. The baseline of low-rank modeling presented in RPCA is applied to cope with

pathological regions in segmentation in [101].

Despite the success of addressing major challenges, nevertheless, the data corruption

in nonlinear distribution is rarely mentioned in literature that motivates us to fill this

gap. From the aspect of SSM-based segmentation applications, it is apparently found that

shape models are sensitive to initialization. To combat this issue, traditional machine

learning techniques are triggered in segmentation to offer an initialization to shape model.

Therefore, this thesis aims to create a robust nonlinear SSM and apply it to realize

segmentation.
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Chapter 3

Nonlinear Statistical Shape
Modeling Using A Novel Kernelized
Robust Principal Component
Analysis

Statistical Shape Models have been employed in various applications of medical image

segmentation. Using a set of shape training data, SSMs parameterize the significant

variabilities of the anatomical structure of interest via PCA. The learned prior knowledge

can then be used to effectively boost the performance of segmentations by projecting any

distorted input shape to the SSM and constraining it to the most plausible modes of

variance. In many practical applications, a high quality model significantly contributes

to the final segmentation result. In spite of the considerable success, it is still challenging

to create high quality models due to the following challenges:

• Multimodal Shape Distributions: The shape variance of many biological structures

does not follow a simple Gaussian distribution. For example, the mean shape of a

complete vertebrae model [90] is not meaningful as it does not represent any existing

vertebra. The same applies to combined shapes with non-uniform structure (cf. Fig.

3.1-(a)), where linearity and nonlinearity exist simultaneously in a probabilistic
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distribution. Nonlinear SSMs have been proposed, but existing methods cannot

accurately project highly distorted input shapes to the nonlinear shape space in

order to remove non-plausible distortion. A high level distortion in input shape,

however, is likely to occur with most boundary detection methods.

(a) (b) (c)

Figure 3.1: (a) Ankle bone structure (b) Corrupted ankle bone with anomalous overlap
marked by a black square (c) Incomplete ankle bone with missing areas marked with
black squares

• Data Corruption: There are many factors influencing training data quality. Imag-

ing artifacts, missing areas in images, non-visible organ boundaries, as well as inter-

and intra-subject variance may lead to non-ideal delineations (cf. Fig. 3.1-(b), (c))

which in turn degrade the quality of SSMs using these delineations as training data.

Furthermore, in practice, the amount of available ground truth data is usually lim-

ited since manual delineation is time-consuming and costly. Severe corruption in

training data therefore has a significant impact on the whole SSM.

Addressing these challenges, a novel kernelized Robust PCA (KRPCA) with the aim

to create SSMs that are not only robust to abnormal training data but also satisfied

with nonlinear distribution, which is the major contribution in this chapter. It should

be pointed out that partial content in this chapter comes from our publication “Nonlin-

28



Chapter 3. Nonlinear Statistical Shape Modeling Using A Novel Kernelized Robust
Principal Component Analysis

ear Statistical Shape Modeling Using A Novel Kernelized Robust Principal Component

Analysis” presented at MICCAI 2017.

The remaining of this chapter is organized as follows: first, a concise overview of

matrix factorization techniques addressing the training data contamination is presented,

followed by the introduction of statistical shape modeling using RPCA and our early con-

tributions Weighted RPCA [27] as well as KPCA; subsequently, the proposed KRPCA

is illustrated in detail; afterwards, experiments are conducted to validate the proposed

method’s ability of recovering outliers in training data, and evaluate the quality of model

derived using competitive approaches as well as segmentation accuracy using these mod-

els. To be mentioned, evaluation results show that the model built with the proposed

KRPCA has a higher quality than other state-of-the-art methods.

3.1 Introduction

As aforementioned, PCA is employed to extract the significant variabilities of the class

of shape. However, PCA is extremely sensitive to gross corruption as it only assumes

a small proportion of Gaussian noise. The problem of data contamination has raised

intensively attention as it is commonly seen in various applications, hereby, a number of

matrix factorization approaches have been proposed to address this issue (cf. Table 3.1).

Given a data matrix D ∈ Rm×n constructed from training samples, the aim is to

recover a low rank subspace free of outliers. Note that m decides the number of training

samples and n decides the dimension of each sample. Compressive sensing is considered to

reconstruct the high-dimensional training data based on a small number of orthonormal

basis X, where ‖X‖0 denotes the number of non-zero entries in X, A is a given under-

determined linear operator and b is a given vector with smaller dimension. As opposed
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Table 3.1: Overview of Matrix Factorization

Method Objective Subject to

Compressive Sensing [102] min
X
‖X‖0 A(X) = b

Nuclear Norm Minimization [103] min
X

rank(X) A(X) = b

Robust Non-negative Matrix Factorization [104] min
W,H,E

‖D −WH − E‖2
F + λ ‖E‖1 W ≥ 0, H ≥ 0

Low Rank Representation [105] min
Z,E
‖Z‖∗ + λ ‖E‖2,1 D = XZ + E

Robust Principal Component Analysis [5] min
X,E
‖X‖∗ + λ ‖E‖1 D = X + E

to compressive sensing, the motivation behind nuclear norm minimization is seeking the

best rank of X as nuclear norm is a convex relaxation of rank minimization. Such

techniques show significant efficiency in matrix completion [106], defined as min
X
‖X‖∗,

Xij = Dij, ∀(i, j) ∈ Ω. Non-negative Matrix Factorization (NMF) [107] is another

commonly used tool for dimensionality reduction [108, 109], which aims to find two non-

negative matrices W,H from the data matrix that is D = WH. Upon NMF, a robust

NMF is proposed to split out the noise with an additional l1 norm term. Based on the

dictionary learning [110, 111], the Low Rank Representation (LRR) seeks the best rank of

“dictionary” subset Z with a separated sparse component E containing outliers. To avoid

the loss of generality, usually X = D when the noise is small. LRR-based techniques are

popular in sparse matrix recovery [112, 113]. By contrast, Robust PCA (RPCA) recovers

a low-rank subspace X from training data straightforwardly, where the data sparsity is

filtered out through minimizing the nonlinear l1 norm. Note that λ is a positive trade-off

to balance the two terms in LRR and RPCA. By efficiently addressing the sensitivity to

outliers of PCA, RPCA shows fairly good performance in a wide range of applications,

from video surveillance to signal processing.

Nevertheless, data corruption is rarely addressed in statistical shape modeling, even

though it is one of the most common problems in computer vision. The probabilistic

PCA (PPCA) is used to derive SSMs from lousy training data in [99], which is under
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an Expectation Maximization optimization inference. Furthermore, RPCA is success-

fully applied in statistical shape modeling in [100] and delivers better performance than

PPCA under the same evaluation criterion. Addressing the data contamination in linear

distribution, many efforts have been devoted in this study. In our prior contribution

[114], an imputation method is developed to cope with outliers in training shapes. The

idea is to replace the identified outliers with the mean value derived from the popula-

tion, where the outliers are determined in terms of data frequency in distribution. Based

on RPCA, a Weighted RPCA (WRPCA) is proposed in [27], the motivation behind is

leveraging some prior knowledge to separate outliers and preserve underlying data in the

constructed low-rank subspace.

3.1.1 Limitations of Robust Linear SSM

Given a set of Ns training shapes, each of which is represented as a point-set di =(
p

(1)
x , p

(1)
y , p

(1)
z , . . . , p

(Np)
x , p

(Np)
y , p

(Np)
z

)T
using the Point Model Distribution (PDM), where

(p
(j)
x , p

(j)
y , p

(j)
z ) indicates the 3D Cartesian coordinate of the jth point on the shape. After-

wards, a column stacked matrix D ∈ RNs×3Np = [d1, . . . , dNs ] is constructed for training

a shape model. Deriving a standard SSM, PCA performs eigen-decomposition on D

and extract the first nk modes of variance from eigenvectors {αi}i:1...nk and eigenvalues

Λi:1...nk to describe the class of shape.

Taking advantage of the data sparsity, RPCA assumes that the data matrix D can

be decomposed into a latent clean low-rank subspace X free of outliers and a sparse

component E representing the data sparsity, i.e. outliers. The objective is formulated

as

min
X,E
‖X‖∗ + λ ‖E‖1 , s.t. D = X + E. (3.1)

This can be seen as minimizing the nuclear norm ‖X‖∗, a convex relaxation of minimizing

rank(X), and l1 norm of E with a positive trade-off λ. In [115], Lin et al. present an
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inexact augmented Lagrange multiplier (IALM) using an additional quadratic penalty in

contrast to the standard Lagrange multiplier. We adapt IALM to solve (3.1) that delivers

better performance than the dual approach, proximal gradient and the Exact ALM and

formulate the Lagrangian:

L(X,E, Y, µ) = min
X,E
‖X‖∗ + λ ‖E‖1 + 〈Y,D −X − E〉+

µ

2
‖D −X − E‖2

F , (3.2)

where Y is multiplier and µ is a positive scalar that penalizes the violation of the linear

constraint, the notation 〈·, ·〉 denotes the standard trace inner product between two

matrices of the same size and ‖·‖F is the induced Frobenius norm of a matrix. Under

an iteration strategy, the sequence {X,E, Y, µ} are updated in turn, note that the order

does not affect the optimization. Therefore, the Lagrangian (3.2) is separated into two

sub-problems that are optimized:

E(t+1) = min
E
λ ‖E‖1 +

µ(t)

2

∥∥∥∥D −X(t) − E +
1

µ(t)
Y (t)

∥∥∥∥2

F

X(t+1) = min
X
‖X‖∗ +

µ(t)

2

∥∥∥∥D −X − E(t+1) +
1

µ(t)
Y (t)

∥∥∥∥2

F

Note that (t) indicates the tth iteration in optimization. To solve E(t+1), an element-wise

soft-thresholding operator Sτ [·] [115] is introduced for sparsity identification in D, which

is also used to introduce nonlinearity to the whole optimization procedure and defined

as:

Sτ [X] = min(X + τ, 0) + max(X − τ, 0). (3.3)

Hence, E can be obtained that E(t+1) = Sλ/µ(t)
[
D − X(t) + 1

µ(t)
Y (t)

]
(cf. [115] for de-

tailed explanation). With unconcerned variables {E(t+1), Y (t), µ(t)} fixed, a Singular

Value Shrinkage (SVS) operator Dτ [·] presented in [116] is adopted to update X that

is defined as:

Dτ [X] = USτ [Σ]V T , X = UΣV T , (3.4)
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where UΣV T is the singular value decomposition (SVD) of X. The motivation of Dτ

is shrinking the singular values with a pre-defined penalty τ to achieve dimensionality

reduction of matrix X. Hence, X is updated that X(t+1) = D1/µ(t)

[
D−E(t+1) + 1

µ(t)
Y (t)

]
.

Afterwards, Y is updated with respect to X and E that Y (t+1) = Y (t) +µ(t)
(
D−X(t+1)−

E(t+1)
)
. The procedure is repeated until the Lagrangian optimization converges that∥∥D −X(t+1) − E(t+1)

∥∥
F
/ ‖D‖F < εR, where εR is a pre-defined value for stop criterion.

At this moment, the low-rank component XL = X(t+1) in last iteration is considered

as the expected clean subspace and further used for learning significant variabilities via

PCA.

3.1.2 Weighted Robust PCA

In conventional RPCA, the low-rank matrix X is recovered automatically which leads to

a loss of information that are non-outlier but not statistically significant in the datasets.

Our assumption is that the prior knowledge can be obtained from the original clinical

images to determine the possibility of being an outlier for each landmark. In a simple

case, the probability of being an outlier for the parts that are not visible in the image is

naturally 100%. However, our formulation allows all probabilities between 0 and 100%

to describe areas with noisy or fuzzy boundaries. In order to account for these different

probabilities and therefore to raise the accuracy of the low-rank matrix X, we propose

a WRPCA method by introducing a weighting scheme in the solution of RPCA. Let

W = [w1, ..., wNs ] be the weighting matrix with the same dimensions as D; each column

vector wj is associated with the jth training shape and matrix element wij denotes the

weighting of the ith landmark on the jth shape, where wij is in the interval of [0, 1].

Fig. 3.2 shows the improvement of WRPCA in the construction of low-rank subspace by

preserving landmarks with high probability.
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Figure 3.2: Difference between reconstructions using WRPCA and RPCA. Note that
the shading indicates the areas of mesh that are approximately ground truth and the red
bits are the reconstruction of missing parts.

Hereby, the objective function of WRPCA is formulated as:

min
X,E
‖X‖∗ + λ ‖W ◦ E‖1 , s.t. D = X + E, (3.5)

where ◦ indicates the element-wise Hadamard product. Solved via IALM, the lagragian
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is written as:

L(X,E, Y, µ) = ‖X‖∗ + λ ‖W ◦ E‖1 + 〈Y,D −X − E〉+
µ

2
‖D −X − E‖2

F , (3.6)

An iteration strategy is adopted to minimize the Lagrangian; given a sequence{
(X(t), E(t), Y (t), µ(t))} of the tth iteration, the Lagrange function is solved by the fol-

lowing subproblems to get the (t+ 1)th iteration:

X(t+1) = min
X
‖X‖∗ +

µ(t)

2

∥∥∥∥D −X − E(t) +
1

µ(t)
Y (t)

∥∥∥∥2

F

(3.7a)

E(t+1) = min
E
λ ‖W ◦ E‖1 +

µ(t)

2

∥∥∥∥D −X(t+1) − E +
1

µ(t)
Y (t)

∥∥∥∥2

F

. (3.7b)

Analogous to RPCA, X(t+1) can be efficiently solved via the singular value shrinkage

operator Dτ [X]. Now, the weighting matrix W is introduced to turn the RPCA into a

WRPCA formulation. E(t+1) is now computed as:

E(t+1) = Sλ 1

µ(t)
[(1−W ) ◦ (D −X(t+1) +

1

µ(t)
Y (t))]. (3.8)

The purpose of introducing the weighting matrix W is to influence the likelihood of being

identified as an outlier for each landmark. Therefore, each entry E
(t+1)
ij of E(t+1) in (3.7b)

is computed as:

E
(t+1)
ij = max((1− wij) · x′ij −

λ

µ(t)
, 0) + min((1− wij) · x′ij +

λ

µ(t)
, 0), (3.9)

where x′ij is the matrix element in X ′ = D − X(t+1) + 1
µ(t)

Y (t). That is if a weighting

value wij of the landmark xij is closer to 1, (1−wij) is closer to 0, i.e. the corresponding

element in the sparse matrix E
(t+1)
ij is more likely to be set to 0. A higher weighting value

decreases the possibility to be identified as an outlier. Conversely, smaller weighting

leads to a larger result of E
(t+1)
ij , indicating that the landmark xij is more likely to be an

outlier. After separating the outliers and non-outliers in the tth iteration, the multiplier

Y (t) is updated in accordance with rules in RPCA. The process is repeated when the stop
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criterion is satisfied, which is the same as that of RPCA. Subsequently, in order to build

the SSM, PCA is applied to the output low-rank matrix X to capture the significant

modes of variance of the input shapes.

Experimental results show a boost of performance of WRPCA compared to RPCA

refer to our previous conference publication [27]. However, several limitations exist that

WRPCA is apparently restricted to the prior knowledge, i.e., the probability of each

landmark of being an outlier. Furthermore, WRPCA is not capable to handle nonlinear

patterns that are often seen in realistic applications. This motivates us to put focus on

the nonlinear SSMs in futher work.

3.1.3 KPCA for Statistical Shape Modeling

Linear techniques lack the capability to cope with nonlinear distribution. It is known

that often the target shape has a complex geometry where linearity and nonlinearity exist

simultaneously in one probabilistic distribution. Thereby, robustness to arbitrary outliers

and fitness to nonlinear distribution are both desired properties for an ideal model. In

literature, often linear matrix factorization approaches can be extended into a nonlinear

distribution through nonlinear transformations, such as, kernel PCA (KPCA) [97, 98] is

extended from PCA. This makes it feasible to derive a nonlinear SSM using KPCA.

In KPCA, a kernel trick κ is introduced to establish an implicit mapping Φ from the

original shape space D ∈ I to a much higher dimensional feature space D → Φ(D) where

PCA is performed afterwards. Note that the popular Radial Basis Function (RBF) is

adopted in this work as kernel trick. From the training data matrix D, a gram matrix

K = K(D) is constructed with each element Kij = κ(di, dj) = 〈Φ(di),Φ(dj)〉, where

di denotes the ith column vector in D. The gram matrix plays an important role as it

represents the affinities between each pair of data point in the training set. Subsequently,
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eigen-decomposition is performed on K to extract the first nk dominant eigenvectors α

and eigenvalues Λ instead of carrying out the explicit eigen-decomposition on Φ(D).

Each data point di ∈ X is projected onto a set of nonlinear principal components βi =∑Ns
n=1α

nk
n κ(di, dn) with dimension of nk thereof. Mika et al. [97] presented a pre-image

approach to inversely map the kernel space to the original data space by minimizing

ρ(z) = ‖Φ(z)− PnΦ(D)‖2 , (3.10)

where PnΦ(D) denotes projection from the feature space Φ(D) to the kernel space

spanned by nonlinear principal components β and z is a shape vector approximated

as the stationary point by setting the gradient in (3.10) zero:

∇zρ(z) =
Ns∑
i=1

γi∇zκ(di, z), γi =

nk∑
k=1

βkα
k
i , (3.11)

note that ∇zκ(di, z) denotes the partial derivative of κ(di, z) with respect to z.

3.2 KRPCA for Statistical Shape Modeling

3.2.1 Kernelized RPCA

Inspired by KPCA that performing PCA on the gram matrix, this thesis proposes a novel

kernelized RPCA (KRPCA) to cope with data corruption in nonlinear distribution. The

fundamental idea behind is to propagate a low-rank modeling as RPCA on the gram

matrix to achieve dimensionality reduction, accordingly, reduce sparse outliers from the

training data. Subsequently, the shape model is built based on the optimized gram

matrix.

Analogous to RPCA in linear subspace, the implicit high-dimensional feature space

Φ(D) is decomposed into two parts: Φ(D) = Φ(X) + Φ(E), where Φ(X) represents the

feature space projection of a clean low-rank matrix X ∈ I and Φ(E) represents that of a
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sparse matrix E ∈ I . However, this complex system is infeasible to be directly solved due

to the implicitness. The problem is reformulated thereof by considering the distributive

property over matrix addition:

Φ(D)TΦ(D) = Φ(D)TΦ(X) + Φ(D)TΦ(E) , (3.12)

K = Φ(D)TΦ(D) be the constant kernel matrix where Kij = Φ(di)
TΦ(dj) = κ(di, dj).

We define the matrix Φ(D)TΦ(X) = KX that:

Φ(D)TΦ(X) =

Φ(d1)TΦ(x1) . . . Φ(d1)TΦ(xn)
...

. . .
...

Φ(dn)TΦ(x1) . . . Φ(dn)TΦ(xn)


=

κ(d1, x1) . . . κ(d1, xn)
...

. . .
...

κ(dn, x1) . . . κ(dn, xn)

 = KX ,

(3.13)

where KX ∈ Rn×n. Similarly, Φ(D)TΦ(E) = KE is defined and the decomposition

problem in feature space is rewritten as:

min
KX ,KE

‖KX‖∗ + λ ‖KE‖1 , s.t. K = KX +KE. (3.14)

In this manner, the low-rank model is applied on the kernel matrix K that determines

the similarity of shapes in input space, in order to find the underlying clusters of sim-

ilar shapes. The inexact augmented Lagrange multiplier (IALM) is applied to solve

(3.14):

L(KX , KE, Y, µ) = ‖KX‖∗+λ ‖KE‖1+〈Y,K−KX−KE〉+
µ

2
‖K −KX −KE‖2

F , (3.15)

where Y decides the multiplier, µ is a positive parameter for adaptive penalization and

λ is used to balance nuclear and l1 norms. With an iteration strategy, K
(t+1)
X and K

(t+1)
E

are obtained for the (t+ 1)th iteration.
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3.2.1.1 Solving KX

Fix the unconcerned variables {KE, Y, µ}, K(t+1)
X can be obtained by solving the sub-

problem:

K
(t+1)
X = min

KX
‖KX‖∗ +

µ(t)

2

∥∥∥∥KX −
(
K −K(t)

E +
1

µ
Y (t)

)∥∥∥∥2

F

, (3.16)

the analytical solution to (3.16) is given below and the proof is provided in

Lemma 3.1.

K
(t+1)
X = D1/µ(t)

[
syl
(
µ(t)I,

(
(K

(t)
X )TK

(t)
X

)− 1
2 , −µ(t)(K −K(t)

E +
1

µ(t)
Y (t))

)]
. (3.17)

Lemma 3.1 Let F (X) = ‖X‖∗+θ ‖X −H‖
2
F , where θ and H are constant. The solution

X∗ can be given by deriving the subgradient of F (X) and seeking its stationary point as

F (X) is convex. To reduce dimensionality, the Singular Value Shrinkage operator (3.4)

Dτ [X] = Udiag(Σii − τ)V T is leveraged to shrink the rank of X∗, where UΣV T is the

singular value decomposition of X.

First we set the subgradient of F (X) with respect to X zero and have:

∂

∂X
F (X) = X(XTX)−

1
2 + 2θX − 2θH = 0, (3.18)

obviously it is not feasible to get X∗ and (XTX)−
1
2 simultaneously, we consider (XTX)−

1
2

as constant in computation of X∗ and iteratively obtain X∗ and (XTX)−
1
2 . Thus the

problem of (3.18) is well known as Sylvester equation that AX + XB + C = 0. Here it

is solved by the function syl from C++ Armadillo Library, that X̂ = syl(A,B,C). By

applying the shrinkage operator Dτ to X̂, we arrive at the solution:

X∗ = Dτ [ syl
(

2θI, (XTX)−
1
2 ,−2θH

)
] . (3.19)
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3.2.1.2 Solving KE

Fix the unconcerned variables {KX , Y, µ}, Kt+1
E is obtained by solving the subprob-

lem:

K
(t+1)
E = min

KE
λ ‖KE‖1 +

µ(t)

2

∥∥∥∥KE −
(
K −K(t+1)

X +
1

µ(t)
Y (t)

)∥∥∥∥2

F

, (3.20)

the problem can be efficiently solved via the soft-thresholding operator Sτ [X] = max(X−

τ, 0) + min(X + τ, 0) in (3.3). Thus K
(t+1)
E is defined as:

K
(t+1)
E = Sλ/µ(t)

[
K −K(t+1)

L +
1

µ(t)
Y (t)

]
. (3.21)

By updating Y (t+1) = Y (t) +µ(t)(K−K(t+1)
X −K(t+1)

E ) and µ(t+1) = min(ρµ(t), µmax), a

new iteration is generated. The procedure converges to a point when
∥∥∥K(t+1)

X −K(t)
X

∥∥∥
F
→

0 and
∥∥∥K −K(t+1)

X −K(t+1)
E

∥∥∥
2
< ε, where the optimal solution K∗X to the optimization

is reached.

3.2.2 Applying KRPCA to statistical shape modeling

To reduce dimensionality in feature space, K∗X is leveraged to compute the first nk eigen-

vectors α and eigenvalues Λ by K∗Xα = NsΛα, a lower dimensional KPCA space is

constructed thereof. For a sample x ∈ I , nonlinear principal components with dimen-

sion of nk in KPCA space β is computed by projecting x onto the selected eigenvectors

that

βi(x) =
Ns∑
n=1

αi
nκ(xn, x), i = 1 . . . nk . (3.22)

To apply KPCA into SSM, Davies et al. gave a definition of probability density

function P of KPCA model in [3]:

P(x) ∝
nk∑
i=1

βi(x)βi(x) =
Ns∑
a,b=1

nk∑
i=1

αi
aα

i
bκ(xa, x)κ(xb, x), (3.23)
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representing the square of distance to the origin in KPCA space. As a result, the model

captures nonlinear patterns by considering this “proximity to data” measure P . Up to

now, the KRPCA is built and the whole procedure is summarized in Algorithm 1.

Algorithm 1 Algorithm of Statistical Shape Modeling Using KRPCA

Input: Observation matrix X ∈ R3Np×Ns

Initialize: Y = KX = KE = 0, K = Φ(D)TΦ(D), k = 0

while not converge do
Estimate K

(k+1)
X by (3.17)

Estimate K
(k+1)
E by (3.21)

Update Y (k+1), µ(k+1)

k → k + 1
end while

Perform Eigen-Decomposition K∗Xα = NsΛα
Compute principal components in KPCA space via (3.22)
Get the PDF P for nonlinear statistical shape model

Output: the built KRPCA model

Usually it is trivial to back project parameter vector βi(x) onto the input space, how-

ever, it is necessary to generate sample vectors in the input space for further evaluation.

Thus we employ the reversed reconstruction approach in [117] to get the reconstructed

shape x̂ ∈ I by:

x̂ =

∑Ns
i=1 γiκ(x̂, xi)xi∑Ns
i=1 γiκ(x̂, xi)

, γi =

nk∑
j=1

βjα
j
i . (3.24)

3.3 Evaluation

The evaluation consists of three parts: (1) investigating the ability of outlier recovery of

competitive methods PCA, KPCA, KRLRR [118] and our proposed KRPCA, namely,

comparing the distance between the reconstructions and corresponding ground truth

data; (2) evaluting the quality of SSMs built with competitive methods; (3) applying the
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built models in ankle bone segmentation as the segmentation quality reflects the model

efficiency.

3.3.1 Dataset

49 internal MRI ankle bone datasets are employed in evaluation, where each ankle bone

consists of 9 discontinuous subparts with narrow inner space (cf. Fig. 3.1-(a)) to validate

our approach on corrupted training data with a complex geometrical structure. The

motivaton is that each bone follows normal distribution, however, the restricted inner

space among independent bones brings nonlinearity to the whole. The volume size varies

from 384 × 384 × 147 to 512 × 512 × 139 and the voxel size ranges from 0.46 × 0.46 ×

0.50 mm3 to 0.49 × 0.49 × 0.50 mm3. Patients were 20 females and 29 males with age

interval of 13 to 17 years. For resolution consistency, all the MRI ankle images as well as

ground truth are rescaled to 512× 512× 128. Afterwards, we obtain training shapes by

extracting polygon meshes from the binary ground truth through Marching Cubes.

As it is known that a crucial step before modeling is creating a groupwise correspon-

dence among all training shapes for statistics analysis. We employ the existing groupwise

point-to-point correspondence approach presented in [119], in order to assign the same

order of landmarks to areas with similar features (from Fig. 3.3-(a) to (b), the color

represents the ID of landmark). It automatically computes a representation of training

shapes as a vector of corresponding landmarks, with the same index representing the

same feature over the whole training set. Specifically, the algorithm firstly computes

an area-preserving parameterization Pref of a single reference shape Mref which is ran-

domly chosen from the training set. Then, it computes an initial mapping ofMref to the

unit sphere and optimize Pref . Afterwards, this parameterization Pref is propagated to

all other shapes (cf. [119] for a detailed description). Generally, it generates an optimal
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number of landmarks in terms of the boundary features, i.e. a large number of land-

marks are generated for the boundary with complex variabilities and vice versa. As a

consequence, the generated landmarks represent dominant boundary features. The cor-

respondence is built with each subbone respectively, e.g. Fibula and Tibia. As a result,

the whole ankle bone is merged with the bones with correspondence consisting of 5148

landmarks in total. Subsequently, the training shapes with correspondence are centred

at the origin and aligned via rigid Procrustes alignment.

To make the ankle shapes arbitrarily corrupted, we create an SSM with 5 ground

truth datasets via PCA and embed it into an existing segmentation framework [28] to

re-segment the 49 datasets. Due to the limitation of this segmentation procedure, the

segmented shapes may contain corrupted regions to different extent, e.g, Fig. 3.3-(a)

shows an example of corrupted training shape where bones are abnormally overlapped.

Hereafter, the ankle bone SSMs are all derived based on the generated 49 shapes X =

{xi : i = 1 · · ·Ns} with arbitrary corruptions, while the ground truth datasets Y = {yi :

i = 1 · · ·Ns} are used for evaluation.

3.3.2 Parameters

Even though a number of parameters and variables are leveraged in our technique, most

of them are tuned related to the training data following certain rules. Table 3.2 shows the

parameters and descriptions that are used in KRPCA. The trade-off λ, Y (0) (initialization

for the multiplier Y ), µ and the update rate η are all chosen according to the work [115],

where ‖K‖2 decides the l2 norm of matrix K and ‖K‖∞ denotes the maximum absolute

value of the matrix entries.

It remains to discuss the kernel width σ in RBF trick that has a vital effect on the

underlying degree of model. Specifically, a large width reduces the difference between
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Table 3.2: Parameters and Descriptions

Parameter Description Value

λ trade-off in (3.14) 1√
Ns

Y (0) the initial Lagrange multiplier K

min
(
‖K‖2,λ−1‖K‖∞

)
η update rate of µ and µk 1.6

µ(0) the initial value of µ 1.25/ ‖K‖2

µ̄ maximum of µ 105

ε terminate value 10−6

any two data points leading to a compact feature space, while a small width enlarges this

difference leading to a model with large variabilities. Essentially, a small sigma preserves

the features while a large sigma is a better choice for larger dimensionality reduction. To

keep consistency with other works, the kernel width σ is computed by:

σ =
1

2N2
s

Ns∑
i=1

Ns∑
j=1

δ(xi, xj), (3.25)

where δ(xi, xj) = ‖xi − xj‖ is the average symmetric distance (ASD) between the shape

xi and xj.

3.3.3 Ability of Outlier Recovery

Fig. 3.3 illustrates the pipeline of modeling procedure as well as the model back projec-

tion. To evaluate the robustness to outliers of the competing models, the corrupted train-

ing shapes are projected back onto the model (from Fig. 3.3-(b) to (c)) to generate the

corrected reconstructions (Fig. 3.3-(d)). We define the back projection error by comput-

ing the mean absolute distance MAD between the ground truth Y = {yi : i = 1 · · ·Ns}

and reconstructions X̂ = {x̂i : i = 1 · · ·Ns} as MAD = 1/Ns

∑Ns
i=1 δ(x̃i, x̂i). Table 3.3

shows the MAD results, where the row “Training Datasets” is MAD between training

shapes and ground truth that indicates the degree of corruption of training shapes.

44



Chapter 3. Nonlinear Statistical Shape Modeling Using A Novel Kernelized Robust
Principal Component Analysis

(a)

→

(b)

→

(c)

→

(d)

Figure 3.3: The figure illustrates the flow chart of modeling and back projection. (a)
indicates the training mesh without landmark correspondence assigned; (b) indicates that
the shape has been assigned with a groupwise correspondnece, where the color indiates
the landmark ID; (c) indicates an SSM with the mean shape in the middle. The procedure
from (b) to (c) means the model back-projection, and (d) is the reconstruction of the
shape (b). It can be found that the abnormal overlap in (b) disappears in (d) with the
correction by the model (c).

Table 3.3: Back projection error MAD
Mean (mm) Min (mm) Max (mm)

Training Datasets 7.77 ± 3.51 2.66 17.03
PCA 7.72 ± 3.45 2.72 16.87

KPCA 7.17 ± 3.35 2.41 16.78
KRLRR 9.20 ± 6.67 2.56 25.98

KRPCA (Ours) 6.68 ± 3.27 2.39 16.10

Conclusions can be drawn from Table 3.3. (1) As the training shapes are generated

from the exsiting segmentation approach, the training shapes contain a low degree of

corruption, i.e. the average distance between each training shape and its corresponding

ground truth is only 7.77mm (cf. the first row in Table 3.3). (2) In terms of the back

projection errors of PCA and KPCA, it can be found that PCA and KCPA nearly do

not have the ability of outlier recovery. (3) Apparently the reconstructions from KRLRR

model have more erroneous than the original training shapes as LRR-like approaches

are often assumed a large number of training data. (4) Finally, our method reduces the

erroneous in terms of its smallest back projection error.
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3.3.4 Model Quality Evaluation

To evaluate the quality of SSMs, the most common measures to quantize the quality

of SSMs are Generalization ability G, Specificity S and Compactness C provided in [3].

A model with good generalization is able to represent not only the trained shapes, but

also deviations. In contrast to a general model, a specific model represents shapes close

to the training data. Thus it does not cover large variances. In addition, a model is

compact in case it is capable to describe the model’s probability density function (PDF)

by a small number of variances. Given a set of Ns training datasets {xi : i = 1 · · ·Ns},

we denote a set of M shapes {yA : A = 1 · · ·M} randomly generated from the model’s

PDF, which approximately covers the whole PDF of the model when M →∞. G, S and

C are defined as:

Gm =
1

Ns

Ns∑
i=1

δ(xi, x̃i),

Sm =
1

M

M∑
A=1

min
i
δ(yA, xi),

Cm =
m∑
i=1

Λi/

nk∑
i=1

Λi × 100%.

(3.26)

where m is the number of modes used to generate the samples yA from the model’s PDF.

Upon a leave-one-out mode that excluding each of training shapes xi in turn and then

project it onto the model derived with the remaining datasets, G is measured as the

distance between xi and its reconstruction x̂i thereof. Lower value of G implies higher

ability to validate the unseen data, namely, a better performance of generalization ability.

On the other hand, S measures the distance from all generated samples to the closest

training data. Smaller values of S indicate the model is more specific, i.e. a higher quality

model. Compactness measures the relative variance learned by the dominant modes, i.e.

higher ratio indicates better compactness.
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Figure 3.4: Generalization ability and Specificity for the models built with PCA, KPCA,
KRLRR and KRPCA. Smaller value indicates better result.

Fig. 3.4 reports the results for Generalization ability and Specificity for the first 8

modes of all competing models. It can be found that our model has the smallest general-

ization ability and specificity error for the dominant modes, and the largest compactness

compared to the others. That is to say, our model has the best quality in terms of

generalization ability, specificity and compactness.

3.3.5 Application in Ankle Bone Segmentation

Even though the shape of ankle has a zero mean, it is still challenging for the SSM to learn

the exact variation of each bone. As a result, often the segmented bones are abnormally

overlapped, which motivates us to create a nonlinear model. We apply the built models

to an existing segmentation approach [28] based on conventional SSM. The accuracy

of segmentation is measured by Hausdorff distance, Dice coefficient and overlap volume

percentage (compare Table 3.4). For an intuitive view, Fig. 3.5 shows the comparison

of segmentation results from the PCA model, KPCA model, KRLRR model and our

KRPCA model.

In summary, our proposed KRPCA model has a higher quality in terms of all the

measurements; KRLRR and KPCA both perform better than PCA model, although

KRLRR has a larger back projection error and Hausdorff distance than PCA. However,
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the large standard deviation explains the larger error, which means, KRLRR is not

robust enough in conditions of a limited subset of training data. This is also the strong

motivation for us to kernelize RPCA rather than LRR.

(a) PCA (b) KPCA

(c) KRLRR (d) KRPCA

Figure 3.5: Figure shows the comparison of segmentation results of competing models in
Sagittal, Coronal and Axial position respectively.

3.4 Discussion

In this chapter, we aim to create SSMs what are robust to abnormalities in training data

and satisfied with nonlinear distribution at the same time. Motivated by this, a novel

kernelized RPCA approach is proposed by performing RPCA on the nonlinear kernel

space obtained via KPCA. Evaluation results show that the model built with KRPCA

has a better quality compared to the competed models in terms of generalization ability,

specificity, compactness and the segmentation accuracies. Moverover, KRPCA shows a

better performace on outlier recovery.

The proposed KRPCA shows the feasibility to handle the nonlinear sparsity through

the kernel matrix compression, which offers a solid basis. However, it still remains to
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evaluate the ability of gross outlier recovery, as the experimental results only show that

the proposed KRPCA handles slight corruption in training data. Furthermore, it seeks

the primary affinities across the training data and filters out the sparseo ones through

performing RPCA on the gram matrix. It can be expected that, the proposed KRPCA

may lose the benefits with smaller number of training datasets. Therefore, it is promis-

ing to artificially generate training datasets with large missing or corrupted areas in

evaluation in the future work.
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Chapter 4

A Novel Robust Kernel Principal
Component Analysis for Nonlinear
Statistical Shape Modeling from
Erroneous Data

Statistical Shape Models (SSMs) have achieved considerable success in medical image

segmentation. A high quality SSM is able to approximate the main plausible variances of

a given anatomical structure to guide segmentation. However, it is technically challenging

to derive such a quality model because: (1) the distribution of shape variance is often

nonlinear or multi-modal which cannot be modeled by standard approaches assuming

Gaussian distribution; (2) as the quality of annotations in training data usually varies,

heavy corruption will degrade the quality of the model as a whole.

In this chapter, these challenges are addressed by introducing a generic SSM that is

able to model nonlinear distribution and is robust to outliers in training data. Without

losing generality and assuming a sparsity in nonlinear distribution, a novel Robust Kernel

Principal Component Analysis (RKPCA) for statistical shape modeling is proposed with

the aim of constructing a low-rank nonlinear subspace where outliers are discarded, which

is the major contribution of this chapter. The proposed approach is validated on two
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different datasets: a set of 30 public CT kidney pairs and a set of 49 MRI ankle bones

volumes. Experimental results demonstrate a significantly better performance on outlier

recovery and a higher quality of the proposed model as well as lower segmentation errors

compared to the state-of-the-art techniques.

The remaining of this chapter is organized as follows: first of all, an overview of

nonlinear statistical shape modeling approaches is provided, as well as the techniques of

nonlinear SVM, LRR and RPCA. Secondly, a detailed explanation and derivation of our

proposed RKPCA is illustrated in detail. Afterwards, rich experiments are conducted

in order to evaluate the performance of RKPCA. It should be pointed out that partial

content in this chapter comes from our publication “A Novel Robust Kernel Principal

Component Analysis for Statistical Shape Modeling from Erroneous Data”, which is

under review of journal Medical Image Analysis.

4.1 Introduction

Among a variety of applications using SSMs, the number of approaches exploiting non-

linear variabilities of shape data is relatively small in contrast to linear models. The ma-

jority of approaches deal with complex geometry by incorporating other machine learning

techniques and/or utilizing integrated shape and pose models under the assumption of a

Gaussian-like distribution. In [90], KPCA is leveraged to capture nonlinear variance of

SSMs for vertebrae; KPCA is also applied to capture nonlinear patterns of left ventricle in

[83]. Without using PDM, a recent modeling approach is proposed in [96], which endows

a differential representation of shape with a nonlinear Riemannian structure for identi-

fication of intra- and inter- population variability. Many biological structures, however,

contain nonlinearities even though the non-linearity might not be always strong.
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Based on the first attempt of performing RPCA on the gram matrix, we aim to

improve its generality and presents a generic Robust Kernel Principal Component Anal-

ysis (RKPCA) technique for nonlinear subspace compression. As aforementioned, often

the matrix factorization in linear space can be extended to solve nonlinear distribution

through some operations, of which the kernel trick is the most popular way, e.g. KPCA

[97, 98], kernel SVM [120] and kernel compressive sensing [121, 122]. However, such

nonlinear techniques do not address the gross noise in training data. Efforts have been

made to make KPCA robust for handling noise in the work [123]. Regarding the robust

compressive sensing techniques like LRR and RPCA, which decompose the data matrix

using a nonlinear thresholding, such extension ostensibly brings mathematical difficulty

to identify and separate the nonlinear sparsity. A number of works on kernelizing LRR

have been proposed [124, 118]. As discussed in the last chapter, LRR does not work well

when the training database is relatively small, namely, the “dictionary” lacks general-

ity. Motivated by this, this thesis aims to propose a generic nonlinear subspace recovery

based on the motivation of matrix decomposition from RPCA.

Addressing these challenges, in this chapter, a generic SSM framework is proposed

that can handle multimodal distribution and at the same time is robust to corrupted data.

Another advantage of the proposed model in practice is that its robustness to outliers

allows for a greater use of non-ideal training data generation methods for statistical

shape modeling. For example, semi-automatic segmentation approaches could be used to

a greater extent than currently possible to augment the training data base as the proposed

SSM framework can still create high quality models in the presence of errors.

4.2 Robust Kernel PCA

Assuming a sparsity in nonlinear data probability density, we hypothesize that a latent

low-rank nonlinear subspace can be recovered from corrupted training data and a compact
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shape model is derived from the compressed clean subspace afterwards. This motivates

us to perform RPCA on a nonlinear data distribution where the dominant patterns are

captured by KPCA. In the previous conference work [95] presented at MICCAI 2017 (cf.

3), a kernelized RPCA is proposed for creating SSMs which outperforms linear models in

coping with corruption in nonlinear data. For ease of presentation, the kernelized RPCA

is detonated as MICCAI-17. In this chapter, the previous work is expanded addressing

a novel nonlinear data decomposition technique with complete mathematical derivations

and explanations.

In this section, a detailed explanation and derivation of RKPCA is illustrated. Fig.

4.1 plots the pipeline of RKPCA for modeling, as well as the model back-projection

procedure.

Figure 4.1: This figure illustrates the pipeline of our RKPCA and the procedure of
model back projection. Based on a set of corrupted shapes, the training matrix D can
be constructed. : when an unseen shape Z is back projected onto the model, a set
of nonlinear principal components are propagated and further used to approximate the
reconstruction ẑ through the standard pre-image f(z).
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4.2.1 Objective formulation

To seek a low-rank component X that is free of outliers and represents primary nonlinear

patterns, a straight forward solution is to decompose the high-dimensional feature space

by minimizing ‖Φ(X)‖∗ + λ ‖Φ(E)‖1, which is in favor of the arguments in RPCA (cf.

(3.1)). However, the implicitness of Φ makes it infeasible to determine the stationary

point of ‖Φ(E)‖1, as the l1 norm is an element-wise nonlinear activation. To address

this issue, a straightforward way would be minimizing ‖Φ(X)‖∗+λ ‖E‖1. However, since

Φ(X)TΦ(X) = K(X), ‖K(X)‖∗ can be considered to act as surrogate of ‖Φ(X)‖∗ because

minimizing ‖Φ(X)‖∗ is equivalent to minimizing tr
(
(Φ(X)TΦ(X))1/2

)
= tr

(
K(X)1/2

)
.

Moreover, seeking the optimal ‖K(X)‖∗ alleviates computational complexity and its

feasibility has been demonstrated in the previous work 3. A similar idea of minimizing

the rank of the gram matrix is also presented in [125, 126].

Therefore, we aim to seek the best rank of K(X) instead of explicitly carrying out

the unknown dimensional feature space Φ(X) and present the objective function:

min
X,E

‖K(X)‖∗ + λ ‖E‖1 , s.t. X + E = D. (4.1)

IALM is employed to form the objective Lagrangian:

L(X,E, Y, µ) = min
X,E
‖K(X)‖∗ + λ ‖E‖1 +

〈Y,D −X − E〉+
µ

2
‖D −X − E‖2

F ,
(4.2)

which is solved under an iteration scheme.

4.2.2 Updating E(t+1)

With the unconcerned variables {X, Y, µ} fixed, the Lagrangian minE L(E, Y, µ) with

respect to the sparse component E is written as:

min
E
λ ‖E‖1 +

µ

2

∥∥∥∥E − (D −X(t) +
1

µ
Y
)∥∥∥∥2

F

,
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and E is updated by introducing the soft-thresholding operator (3.3) that:

E(t+1) = S λ

µ(t)

[
D −X(t) +

1

µ(t)
Y (t)

]
, (4.3)

where t indicates the iteration that starts from 0.

4.2.3 Updating K(t+1)

We arrive at optimization to X based on the updated E(t+1), the Lagrangian L(X, Y, µ)

with respect to X is given by:

min
X
‖K(X)‖∗ +

µ

2

∥∥∥∥X − (D − E(t+1) +
1

µ
Y
)∥∥∥∥2

F

. (4.4)

It is infeasible to directly apply the singular value shrinkage Dτ [·] to the Lagrangian,

which brings difficulty to giving the optimal X(t+1). Hence, we decompose the optimiza-

tion (4.4) into two subproblems with respect to X at each iteration. Specifically, we con-

sider X a constant to seek the optimal rank of the gram matrix K(X). We subsequently

derive X(t+1) with the obtained K(t+1) by reaching the sub-stationary point:
K(t+1) = min

K(X)
‖K(X)‖∗

X(t+1) = min
X
K(X) + µ

2

∥∥∥X − (D − E(t+1) + 1
µ
Y
)∥∥∥2

F

The Lagrangian (4.4) is separable because the nuclear norm and frobenius norm are both

convex.

To achieve dimensionality reduction for outlier removal, at this stage, we apply the

low-rank modeling that is introduced in RPCA to the gram matrix and the objective

function is formulated as:

min
K

∥∥K(t)
∥∥
∗ , s.t. K(t) = K

(
D − E(t+1)

)
. (4.5)

To be mentioned, it is a special case of matrix decomposition that is called matrix

completion in [116]. Associated with a Lagrange multiplier A, the low-rankness of gram
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matrix is promoted iteratively byK
new = Dµk

[
K(t) + 1

µk
Aold

]
Anew = Aold + µk

(
K(t) −Knew

) (4.6)

where {Knew, Anew} are optimal solutions in each iteration and initialized as K0 =

K(D − E(t+1)) and A0 = 0 respectively. It should be pointed out that the sought of

low-rank K(t) is an inner loop embedding in the whole RKPCA optimization, hereby,

the extra superscript implying the iteration is dropped to avoid confusion in presenta-

tion. The procedure of low-rank modeling will converge to an accumulation point where∥∥K(t) −Knew
∥∥
F
/
∥∥K(t)

∥∥
F
≤ εk, a theoretical guarantee is provided in [106]. Until the

convergence condition for the inner loop is satisfied, we simply take the final output and

denote K(t+1) = Knew, which may not be symmetrical and full-rank. In this manner,

‖K(X)‖∗ is solved and the updated K(t+1) is then applied to derive X(t+1).

4.2.4 Updating X(t+1)

For the ease of presentation, we denote the constant C = µ/2
(
D − E(t+1) + 1/µY

)
.

Denote ρ(X) = K(X) + µ/2 ‖X − C‖2
F , X(t+1) is optimized by deriving the subgradient

of ρ(X) and assumed to be the stationary point. The subgradient of ρ(X) is defined

as:

∂

∂X
ρ(X) =

∂

∂X
K(X) +

∂

∂X

µ

2
‖X − C‖2

F . (4.7)

The partial derivative of frobenius norm is easily obtained by:

∂

∂X

µ

2
‖X − C‖2

F = µ
(
X − C

)
. (4.8)

Subsequently, we seek the partial derivative of K(X) with respect to X. As opposed

to the standard pre-image in (3.10) which also aims to approximate the projections from

gram matrix to the input space, we leverage the value of low-rank K(t+1) straightfor-

wardly, implying the new affinities between data point, instead of using any principal
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components derived from eigen-decomposition. Theoretically, computing the derivative

of Matrix-by-Matrix can be accomplished by vectorizing the denominator matrix so that

the Kronecker product will be leveraged to approximate the derivatives of Matrix-by-

Scalar. However, this will raise the computational complexity on account of the large

dimensionality in the derivative matrix. Moreover, the Kronecker product might cause

high sparsity because each element Kij in the gram matrix is only related to xi and xj

but not to all the members. Addressing this issue, we present a novel solution to the

partial derivative of ∂XK(X) that is defined as:

∂

∂X
K(X) =


Ns∑
i=1

∂κ(xi,x1)

∂X11
. . .

Ns∑
i=1

∂κ(xi,xNs )

∂X1Ns
...

. . .
...

Ns∑
i=1

∂κ(xi,x1)

∂X3Np1
. . .

Ns∑
i=1

∂κ(xi,xNs )

∂X3NpNs

 (4.9)

More specifically, we sum up all the derivatives related to Xij in order to avoid the

sparsity caused by the Kronecker product.

Substituting (4.8) and (4.9) into (4.7) and set it to zero, thus we have:

Ns∑
n=1

K
(t+1)
nj X

(t)
j −

Ns∑
n=1

K
(t+1)
nj + µX

(t)
j − µCj = 0, (4.10)

where j indicates each column in X and C, namely, X(t+1) is computed in column-by-

column. Therefore, we come to the final solution:

X(t+1) =
Ns∑
j=1

µC +
Ns∑
n=1

K
(t+1)
nj Xj

µ+
Ns∑
n=1

K
(t+1)
nj

. (4.11)

4.2.5 Convergence Analysis

Based on the updated X(t+1) and E(t+1), we update the multiplier Y (t+1) = Y (t)+µ(t)
(
D−

X(t+1) − E(t+1)
)
. Positive scalars µ and µk are updated exactly in the same way that

58



Chapter 4. A Novel Robust Kernel Principal Component Analysis for Nonlinear
Statistical Shape Modeling from Erroneous Data

µ(t+1) = min
(
µ(t)(1 + η), µ̄

)
, and µnewk = min

(
µoldk (1 + η), µ̄k

)
. Analogous to the inner

loop (4.6), sequence {X,E, Y, µ} converges when
∥∥D −X(t+1) − E(t+1)

∥∥
F
/ ‖D‖F ≤ ε. In

this way, a low-rank component XL is recovered from the original data D where outliers

are discarded and KPCA is performed to extract nonlinear principal components β and

corresponding eigenvectors α for statistical shape modeling.

We summarize the whole procedure of statistical shape modeling using the proposed

RKPCA in Alg. 2.

Algorithm 2 Nonlinear statistical shape modeling via RKPCA
Input: training matrix D.
Initialize: Y (0), µ(0), µ

(0)
k , t = 0.

while not converged do
Update E(t+1) via (4.3)
Update K(t) ← K

(
D − E(t+1)

)
Initialize: A(0) = 0, K(0) = K(t), iter = 0.

while not converged do
Update {Kiter, Aiter, µiterk } via (4.6)
iter = iter + 1

end while

Output: K(t+1)

Update X(t+1) via (4.11)
Update Y (t+1), µ(t+1)

t = t+ 1
end while

Perform KPCA on the recovered low-rank matrix XL.
Output: RKSSM(XL|K,α,β).

4.3 Evaluation

Our method is evaluated on two representative datasets involving a set of kidney pairs and

a set of ankle bones with arbitrary outliers. The results are compared with five closely per-
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tinent approaches: conventional PCA, RPCA [5], KPCA [97], NIPS-09 (the robust

KPCA approach [127]) and our previous conference work KRPCA 3. To avoid confusion,

we denote KRPCA as MICCAI-17 for ease of presentation, as it is published at MIC-

CAI 2017. Even though KPCA is not bounded by pre-image approaches, we choose the

popular pre-image strategy presented by Mika et al. [97] in this work. In [127], Nguyen

et al. present a Robust KPCA approach in order to make the KPCA pre-image robust

to outliers. In contrast to the objective in (3.10), the reconstruction Φ(z) is required to

be close to PnΦ(z) as well as the input sample with a balance trade-off constant ω, of

which the objective is formed as minz ‖Φ(x)− Φ(z)‖2
2 + ω ‖Φ(z)− PnΦ(z)‖2

2.

First, experiments are conducted to evaluate the ability of dealing with arbitrarily

corrupted data from various degrees of competitive methods. Furthermore, we create

SSMs for all these methods and evaluate the quality of the resulting models as well as

the accuracy of segmentation using these SSMs.

4.3.1 Datasets

To investigate the ability for representing the nonlinear patterns of the competitive ap-

proaches, we create a kidney SSM with each pair consisting of the left and right kidney

(cf. Fig. 4.7). Despite that each single kidney (left/right) follows a Gaussian distribution,

the restricted inner space between two single kidneys brings nonlinearity to the whole,

which is exactly the reason for choosing the data. 30 public CT datasets are collected

from MICCAI 2015 Challenge Multi-Atlas [128], with volume sizes varying from 512 ×

512 × 85 to 512 × 512 × 198, the slice thickness varying from 2.5 to 5.0 mm and in-plane

resolution varying from 0.54 mm to 0.98 mm. Moreover, we utilize the 49 internal ankle

bone datasets as aforementioned in chapter 3 consisting of 49 ground truth meshes and

corrupted meshes with arbitrary outliers.
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For resolution consistency, kidney images with ground truth are rescaled to iso-cubic

volumes with dimension 256 × 256 × 256 and the MRI ankle images as well as ground

truth are rescaled to 512 × 512 × 128. Then, we obtain training shapes by extracting

polygon meshes from the binary ground truth through Marching Cubes. As it is known

that a crucial step before modeling is creating a groupwise correspondence among all

training shapes for statistics analysis. We employ the point-to-point correspondence

approach presented in [119], in order to assign the same order of landmarks to areas

with similar features. For the kidney datasets, we establish correspondence to the left

and right kidneys respectively and merge both afterwards. As a result, each kidney pair

contains 4000 landmarks.

4.3.2 Parameters

Generally speaking, the low-rank modeling techniques have compelling advantages of

being light weight and trained unsupervised compared to the recent trend deep neural

networks. Even though a number of parameters and variables are leveraged in our tech-

nique, most of them are tuned related to the training data following certain rules. Table

4.1 shows the parameters and descriptions that are used in RKPCA. It should be pointed

out that the trade-off λ, initialization for multiplier Y , µ, µk, and the update rate η are

all chosen according to the work [115], where ‖D‖2 decides the l2 norm of matrix D and

‖D‖∞ denotes the maximum absolute value of the matrix entries. The chosen of sigma

follows the rule in (3.25).

4.3.3 Computational Complexity Analysis

Regarding the computational complexity of the proposed RKPCA, we denote m = 3Np

and n = Ns as the dimension of training matrix for ease of presentation. In each iteration,

the main computational cost comes from (1) computation of gram matrix with O(mn2)
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Table 4.1: Parameters and Descriptions

Parameter Description Value
λ trade-off in (4.1) 1√

max(Ns,3Np)

Y (0) the initial Lagrange multiplier D

min
(
‖D‖2,λ−1‖D‖∞

)
η update rate of µ and µk 1.6
µ(0) the initial value of µ 1.25/ ‖D‖2

µ̄ maximum of µ 105

ε terminate value 10−6

µ
(0)
k the initial value of µk 1.25/ ‖K‖2

µ̄k maximum of µk 105

εk terminate value 10−5

time complexity, (2) singular value shrinking the updated gram matrix from (4.6) that

takes O(n3) and (3) the partial derivative to update X from (4.7), which takes O(dmn).

Overall, the time complexity of Algorithm 2 for one iteration is O(mn2 +n3). In contrast

to the competitive linear approaches, the main computational complexity of PCA is

from the covariance matrix and eigen-decomposition, i.e. O(m2n+ n3), which of RPCA

comes from the SVD with O(min(mn2,m2n)). Regarding the other nonlinear modeling

techniques, the computational complexity is contributed by the gram matrix computation

as well as eigen-decomposition and/or SVD, and approximately measured asO(mn2+n3).

That is to say, our RKPCA does not have much more computational cost when n �

m.

4.3.4 RKPCA for Outlier Recovery

As aforementioned, outliers are often distributed arbitrarily across the training data,

e.g. in noisy images, and our proposed RKPCA is supposed to construct approximately

the same subspace from a corrupted training dataset as that from an uncorrupted one.

Under this assumption, experiments are conducted to assess the ability of outlier re-

covery for competitive methods. We artificially make training datasets corrupted and
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compare the distances between the reconstruction of corrupted training data (cf. Fig.

4.1, {X(i)
L }1···Ns denotes the reconstruction in our RKPCA) and its corresponding ground

truth {Y (i)}1···Ns , i.e. smaller distance indicate higher accuracy of outlier recovery. To be

specific, a proportion of landmarks of all the training shapes are removed at once, which

makes the training data matrix contain arbitrarily distributed missing entries. Through

varying the amount of landmark removal, we have training datasets that are corrupted

to varying degree thereof. In the experiments, (1) the removing entries are randomly se-

lected per training shape and are different throughout the population; (2) all the missing

entries are set to the same point, the location of which is not restricted, and in general

it does not effect the outlier recovery results; (3) both datasets of kidney pair and ankle

bone are employed in the outlier recovery evaluation. We illustrate the results for kidney

pairs for more intuitive comparison.

Since the kidney pairs are pre-centralized, a proportional of points are randomly

removed from the original datasets and these 3D coordinates are set to (0, 0, 0) (cf. Fig.

4.2 and Fig. 4.3). Table 4.2 reports the symmetrical distance between the reconstructed

shapes and corresponding ground truth with corruption degrees ranging from 0% to

50%. Each values in Table 4.2 is computed by 1/Ns

∑Ns
i=1 δ(X

(i)
L , Y (i)). The kernel width

σ is chosen as 473.33, 1062.33, 1327.75, 1484.77, 1579.65, 1631.16 in cases where the

proportion of removed landmarks is 0%, 10%, 20%, 30%, 40% and 50% respectively. The

paired t-test under the null hypothesis is used as the test statistic to decide whether

the results are statistically significant. Fig. 4.2 and Fig. 4.3 intuitively illustrate the

comparisons of ground truth and reconstructions from competitive methods, where the

corruption degrees are set to 20% and 40% respectively.

Correspondingly, Table 4.3 reports the computation time in application (in second) on

Intel Core i7 processor. With the increase of proportion of missing entries, the number of

convergence iteration also increases in the nonlinear subspace compression in our RKPCA
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Table 4.2: Reconstruction errors (mm) of kidney pairs for different methods and
proportion of missing values. The star ∗ indicates a statistically significant difference
between the corresponding results and our method at a significant level of 0.01.

0% 10% 20% 30% 40% 50%

PCA 2.451 ± 0.380∗ 16.974 ± 4.947∗ 28.174 ± 6.572∗ 35.898 ± 6.691∗ 40.994 ± 7.265∗ 45.330 ± 8.084∗

RPCA 3.302 ± 1.246∗ 5.797 ± 1.932 9.650 ± 5.182∗ 13.862 ± 2.188∗ 20.177 ± 2.665∗ 32.176 ± 3.603∗

KPCA 5.523 ± 5.831∗ 17.938 ± 4.593∗ 24.404 ± 6.979∗ 32.273 ± 7.616∗ 39.718 ± 8.931∗ 44.962 ± 9.869∗

NIPS-09 2.668 ± 12.735∗ 18.430 ± 4.002∗ 21.778 ± 5.004∗ 27.454 ± 7.308∗ 37.932 ± 3.950∗ 45.450 ± 8.709∗

MICCAI-17 2.985 ± 1.463∗ 9.181 ± 2.576∗ 10.844 ± 2.648∗ 13.217 ± 3.168∗ 18.552 ± 2.970∗ 20.639 ± 2.903∗

RKPCA 2.050 ± 0.392 6.310 ± 1.330 8.702 ± 1.863 10.648 ± 2.339 14.032 ± 3.017 18.534 ± 2.692

(a) Corrupted Shape (b) PCA (c) RPCA

(d) KPCA (e) NIPS-09 (f) MICCAI-17

(g) RKPCA

Figure 4.2: The figure plots a corrupted shape (a) with its reconstructions from compet-
itive models (b) - (g) illustrated from the perspective of Coronal-Axial view (left) and
3D rendering (right), where the red shape indicates the ground truth. (a) is artificially
generated with 20% of landmarks randomly removed.

and the pre-image in other methods. Table 4.4 reports the computation time with respect

to the scale of training data matrix D ∈ Rm×n, where the first row indicates the results

for kidney pair reconstruction and the second row indicates the results for ankle bone

reconstruction.

Conclusions can be drawn from Table 4.2. First of all, RPCA, MICCAI-17 and

our RKPCA all have the ability to deal with arbitrary outliers. Particularly, RPCA

outperforms in cases of small corruption, whereas, RKPCA shows significant efficiency
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(a) Corrupted Shape (b) PCA (c) RPCA

(d) KPCA (e) NIPS-09 (f) MICCAI-17

(g) RKPCA

Figure 4.3: The figure plots a corrupted shape (a) with its reconstructions from compet-
itive models (b) - (g) illustrated from the perspective of Coronal-Axial view (left) and
3D rendering (right), where the red shape indicates the ground truth. (a) is artificially
generated with 40% of landmarks randomly removed.

Table 4.3: The computation time (s) for reconstruction of kidney pairs with various
proportion of missing values from 0% to 50% for different methods.

Method 0% 10% 20% 30% 40% 50%

PCA 1.846 1.632 1.465 1.791 1.257 1.641

RPCA 2.936 2.927 2.497 2.378 2.759 2.134

KPCA 12.340 36.120 56.120 99.150 60.720 35.520

NIPS-09 13.510 14.312 15.043 15.248 16.309 16.151

MICCAI-17 3.800 7.181 16.520 30.900 45.900 26.920

RKPCA 2.152 2.610 2.923 3.105 3.502 3.370

Table 4.4: The computation time (s) for reconstruction of kidney pairs (first row) and
ankle bones (second row) using RKPCA with various proportion of missing values from
0% to 50%, where m,n denote the scale of data matrix.

m n 0% 10% 20% 30% 40% 50%

12000 30 2.152 2.610 2.923 3.105 3.502 3.370

15444 49 5.190 6.331 5.253 6.320 7.534 5.250
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when the corruption degree becomes higher and the power of RPCA degrades (cf. Fig.

4.2-(c), (g) and Fig. 4.3-(c), (g)). This is mainly because RKPCA exploits the affinities of

each pair of training data across the population and RPCA exploits the variance for every

dimension individually. RPCA offers a finer reconstruction compared to RKPCA when

the training data is slightly corrupted. However, when the corruption degree becomes

higher, the number of reliable variables in each dimension is reduced, which makes it

theoretically difficult to learn the dominant variability. In contrast, RKPCA is still

capability to exploit the primary nonlinear patterns because the impact of outliers is

alleviated during the kernelizing. Secondly, the reason for the reconstruction error with

none missing values is that, all the modeling techniques are based on dimensionality

reduction in accordance with compressive sensing where usually 95% variabilities are

retained. In terms of the intuitive comparison illustrated in Fig. 4.2 and Fig. 4.3, where

we find the competitive models eliminate corruptions to different extent but our RKPCA

delivers the best reconstruction quality overall.

4.3.5 RKPCA for Missing Area Completion

Besides the outliers, training shapes are often incomplete with missing parts in realis-

tic applications. Therefore, experiments are conducted to assess the ability of missing

areas completion. Assume that the missing areas are arbitrarily distributed across the

whole shape, a subset of landmarks are randomly selected and removed together with

their neighboring landmarks (cf. Fig. 4.4). In this manner, we artificially make all

the training datasets incomplete and aim to assess the reconstruction accuracy, namely,

closer to the corresponding ground truth data indicates higher accuracy. In this set of

experiments, about 15 landmarks are randomly selected from each training shape and

all the incomplete shapes are different across the population. Through varying the area

of neighborhood around these selected landmarks, we thus generate training shapes with
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different degree of incompleteness (cf. Fig. 4.5), i.e. the proportion of missing areas

is equivalent to the radio between the sum of missing points and the total number of

landmarks.

(a) (b) (c)

Figure 4.4: This figure plots the procedure of incomplete shapes generation: based on a
ground truth shape (a), several pieces with varying areas are randomly selected (marked
in red in (b)) and removed. An incomplete shape (c) with missing areas is generated
thereof.

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

Figure 4.5: The figure plots the ground truth ankle bone shape (a) and the artificially
generated incomplete shapes with 10%, 20% and 30% removing points in (b), (c) and (d)
respectively.

Table 4.5 reports the reconstruction errors for competitive methods, where the degree

of incompleteness varies from 0% to 50%. Each values in Table 4.5 is computed by

1/Ns

∑Ns
i=1 δ(X

(i)
L , Y (i)). For an intuitive view, Fig. 4.6 illustrates the reconstructions

of incomplete training shapes with 30% missing areas compared to the ground truth
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(marked in red). To be specific, the white pieces in Fig. 4.6-(a) denote the overlap of

ground truth and incomplete shape, and the missing landmarks are close to the central

position because the ankle bones are pre-centralized.

Table 4.5: Reconstruction errors (mm) of ankle bones for different methods and
proportion of missing areas. The star ∗ indicates a statistically significant difference
between the corresponding results and our method at a significant level of 0.01.

0% 10% 20% 30% 40% 50%

PCA 1.567 ± 0.295 5.845 ± 0.357∗ 10.110 ± 1.055∗ 13.724 ± 1.804∗ 16.403 ± 2.266∗ 22.666 ± 3.646∗

RPCA 1.811 ± 0.623∗ 2.740 ± 0.991 6.114 ± 1.285∗ 9.812 ± 2.547∗ 14.516 ± 3.132∗ 19.351 ± 2.126∗

KPCA 5.709 ± 4.594∗ 7.023 ± 4.453∗ 10.496 ± 4.171∗ 14.290 ± 3.737∗ 17.018 ± 3.566∗ 20.296 ± 3.470∗

NIPS-09 3.567 ± 1.891∗ 6.013 ± 2.345∗ 9.897 ± 1.487∗ 13.833 ± 2.157∗ 16.454 ± 2.754∗ 19.491 ± 2.460∗

MICCAI-17 3.409 ± 0.871∗ 5.658 ± 1.806∗ 8.338 ± 2.567∗ 9.614 ± 2.036∗ 11.096 ± 3.780∗ 17.697 ± 2.960∗

RKPCA 1.663 ± 0.196 3.528 ± 1.502 5.981 ± 1.563 7.544 ± 2.268 9.762 ± 3.039 14.950 ± 2.953

Conclusions can be drawn from Table 4.5 that RPCA, MICCAI-17 and our proposed

RKPCA have much more capability of dealing with missing areas among the competi-

tive methods. With the degree of incompleteness increases, nonlinear approach KPCA

performs slightly better than PCA and RKPCA beats RPCA significantly.

4.3.6 Model Evaluation

For an intuitive understanding of the robustness to nonlinearity, we compare the shapes

generated from the first mode of variance for models derived with RPCA and our RKPCA

under the datasets of kidney pair in Fig. 4.7. It is apparently seen that the shapes

generated from RPCA model (cf. Fig. 4.7-(a) left and right) make no sense due to the

impossible deformation, where the left kidney is too close to the right kidney. Note that

the variance for linear models varies in the range
[
−3
√

Λi,+3
√

Λi

]
, for nonlinear models

which varies in the range
[
−
√
NsΛi,+

√
NsΛi

]
as defined in [98], where i = 1 · · ·nk.

Similarly, the visualization of the first mode of variance for KPCA and RKPCA models

shown in Fig. 4.8, which suggests the robustness to data corruption of the proposed
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(a) Corrupted Shape (b) PCA (c) RPCA

(d) KPCA (e) NIPS-09 (f) MICCAI-17

(g) RKPCA

Figure 4.6: The figure plots an incomplete ankle bone shape (a) with its reconstructions
from competitive models (b) - (g) illustrated from the perspective of Coronal-Axial view
(left) and 3D rendering (right), where the red shape indicates the ground truth. (a) is
artificially generated with 30% of pieces randomly removed.

RKPCA. Obviously it is found that the shapes from KPCA model still have erroneous

areas, e.g. the overlap (cf. Fig. 4.8-(a) left) and anomalously deformed subparts (cf. Fig.

4.8-(a) right), by contrast, our RKPCA model efficiently eliminates the abnormalities in

training data.

To evaluate the quality of SSMs derived with competitive methods, Generalization

ability (leave-one-out mode) G, Specificity S and Compactness C are computed based

on (3.26). We report the G, S and C for the kidney models and ankle bone models in

Fig. 4.9 and Fig. 4.10 respectively. Under the paired t-test with the null hypothesis,

the p−values are calculated with a significance level of α = 0.01 for the generalization

ability, specificity for kidney models (cf. Table 4.6 and Table 4.7) and ankle bone models
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←− −→

(a) RPCA model

←− −→

(b) RKPCA model

Figure 4.7: The variance for the RPCA and RKPCA model, where the shape in the
middle is the mean and the left and right shapes are generated from −3

√
Λ1 and +3

√
Λ1

for RPCA model, and −
√
NsΛ1 and +

√
NsΛ1 for RKPCA model respectively, with other

modes set to the 0.

←− −→

(a) KPCA model

←− −→

(b) RKPCA model

Figure 4.8: The variance for the KPCA and RKPCA model, where the shape in the
middle is the mean and the left and right shapes are generated from −

√
NsΛ1 and

+
√
NsΛ1 for the first mode, with other modes set to 0.

(cf. Table 4.8 and Table 4.9) respectively.

To compute specificity, M = 1000 shapes in total are randomly drawn from the model
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Figure 4.9: Generalization ability G, specificity S and compactness C for the kidney
models.

Table 4.6: Statistical analysis for Generalization ability of competitive kidney pair mod-
els and ours for the first 6 modes. Note that the star ∗ indicates that the corresponding
value of ours method is statistically significant better than the marked result.

1 2 3 4 5 6

PCA 8.3278∗ 7.4536∗ 6.3727 6.2175 5.5150 5.2862

RPCA 7.6781 6.7840 5.9545 5.8933 5.1798 5.1543

KPCA 9.1343∗ 8.8541∗ 8.3192∗ 7.9553∗ 7.8195∗ 7.7964∗

NIPS-09 9.4526∗ 9.3465∗ 9.2856∗ 9.2542∗ 9.2645∗ 8.5948∗

MICCAI-17 8.4595∗ 8.5069∗ 8.0583∗ 6.7610 6.5624 6.0550

RKPCA 7.5621 6.9456 6.5321 6.3210 6.0945 5.9545

Table 4.7: Statistical analysis for Specificity of competitive kidney pair models and ours
for the first 6 modes. Note that the star ∗ indicates that the corresponding value of our
method is statistically significant better than the marked result.

1 2 3 4 5 6

PCA 13.5585∗ 13.8404∗ 14.3276∗ 14.9500∗ 15.8621∗ 16.3088∗

RPCA 10.6642∗ 10.0309∗ 13.1569∗ 12.8369∗ 13.5912∗ 13.6890∗

KPCA 5.2807∗ 5.6164∗ 5.7778∗ 5.8765∗ 5.9236∗ 5.9804∗

NIPS-09 4.7846 4.8956 4.7852 4.7674 4.9584 5.1250∗

MICCAI-17 3.6432 3.8820 3.8208 4.0067 4.0023 4.0562

RKPCA 3.1588 3.2711 3.2143 3.5226 3.5360 3.6391
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Figure 4.10: Generalization ability G, specificity S and compactness C for the ankle bone
models.

Table 4.8: Statistical analysis for Generalization ability of competitive ankle bone models
and ours for the first 8 modes. Note that the star ∗ indicates that the corresponding
value of our method is statistically significant better than the marked result.

1 2 3 4 5 6 7 8

PCA 8.7706∗ 8.6995∗ 8.6432∗ 8.6868∗ 8.6778∗ 8.6802∗ 8.6553∗ 8.6457∗

RPCA 8.7813∗ 8.7024∗ 8.6634∗ 8.6509∗ 8.6024∗ 8.6124∗ 8.6160∗ 8.6012∗

KPCA 6.6015∗ 6.6041∗ 6.5363∗ 6.5461∗ 6.4554∗ 6.4145∗ 6.3452∗ 6.2724∗

NIPS-09 6.4859∗ 6.3964∗ 6.3458∗ 6.3001∗ 6.2459∗ 6.1945∗ 6.2403∗ 6.1260 ∗

MICCAI-17 6.6305∗ 6.4927∗ 6.2207∗ 6.1182 6.1225 6.0025 5.8795 5.7951∗

RKPCA 5.8636 5.8671 5.8640 5.8732 5.8757 5.6378 5.4189 5.2712

Table 4.9: Statistical analysis for Specificity of competitive ankle bone models and ours
for the first 8 modes. Note that the star ∗ indicates that the corresponding value of our
method is statistically significant better than the marked result.

1 2 3 4 5 6 7 8

PCA 4.1130∗ 4.5924∗ 5.0523∗ 5.2537∗ 5.4484∗ 5.6536∗ 5.7512∗ 5.8596 ∗

RPCA 3.6402∗ 3.9385∗ 4.1535∗ 4.2121∗ 4.3571∗ 4.3967∗ 4.4345∗ 4.5535∗

KPCA 3.6025∗ 3.0616∗ 3.1899∗ 3.2320∗ 3.0000∗ 3.0428∗ 3.2578∗ 3.2645∗

NIPS-09 3.1986∗ 3.2695∗ 3.5695∗ 3.6452∗ 3.9145∗ 3.6589∗ 3.7895∗ 3.9864∗

MICCAI-17 3.0041∗ 3.0259∗ 3.0190∗ 3.0034∗ 3.1004∗ 3.1106∗ 3.1487∗ 3.2357∗

RKPCA 2.6257 2.6594 2.6546 2.6626 2.6734 2.5732 2.7852 2.7239
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PDF. As the models of the ankle bone are derived based on corrupted training data, we

compute G and S using corresponding ground truth data {xi} and {yA} generated from

model’s PDF. Fig. 4.9 shows that our proposed RKPCA consistently boost the perfor-

mance of model, in particular, the improvement of specificity suggests the considerable

ability in drawing nonlinear PDF. On the other hand, Fig. 4.10 reports a higher quality

of RKPCA model in coping with data corruption, especially in terms of generalization

ability. It should be pointed out that KPCA and NIPS-09 extracts nonlinear pattern

variabilities in the same way, resulting in the equivalent eigenvalues Λi:1···nk .

4.3.7 Segmentation Evaluation

To assess the effect on segmentation accuracy, the derived SSMs are used in two existing

segmentation approaches for CT kidney and MRI ankle bone respectively. Both ap-

proaches are based on a hierarchical ASM framework. Dice Similarity Coefficient DSC,

Hausdorff Distance HD, and Volumetric Similarity V S are used as quality measures,

whereas DSC and V S are listed in percent (larger values indicate better performance)

and HD is given in millimeters (smaller values indicate better performance). We utilize

the framework presented in [79] for kidney segmentation which is driven primarily by

an automatic adaption to local features and a global model back propagation. In Table

4.10 we report the segmentation results using the competitive models. Our approach

outperforms the other models in all measures (cf. Fig. 4.11).

We utilize the same ankle bone segmentation approach presented in [28] as in our

previous conference work [95] and report results in Table 4.11. Our proposed model

delivers an improvement from the previous work MICCAI-17 as well as other compet-

itive approaches. Fig. 4.12 illustrates a segmentation result: the narrow inner space

accounts for the poor image adaption and back propagation, whereas our model effec-

73



Chapter 4. A Novel Robust Kernel Principal Component Analysis for Nonlinear
Statistical Shape Modeling from Erroneous Data

T
ab

le
4.10:

K
id

n
ey

S
egm

en
tation

R
esu

lts

D
S
C

H
D

(m
m

)
V

S

M
ean

M
in

M
ax

M
ean

M
in

M
ax

M
ean

M
in

M
ax

P
C

A
0.761±

0.144
0.303

0.961
15.063±

7.536
4.898

38.131
0.932±

0.080
0.595

0.991
R

P
C

A
0.802±

0.064
0.608

0.965
15.962±

7.198
2.015

35.818
0.942±

0.060
0.620

0.990
K

P
C

A
0.816±

0.093
0.559

0.901
14.982±

8.825
0.434

39.824
0.923±

0.062
0.688

0.993
N

IP
S
-09

0.821±
0.083

0.519
0.955

14.074±
6.417

5.385
32.802

0.935
±

0.049
0.811

0.997
M

IC
C

A
I-17

0.863±
0.086

0.570
0.960

13.664±
8.320

5.385
36.576

0.925±
0.071

0.707
0.995

R
K

P
C

A
0
.9

0
5±

0
.0

1
6

0
.8

7
6

0
.9

4
5

7
.8

4
5±

1
.6

7
6

5
.0

9
9

1
1
.1

8
0

0
.9

7
0±

0
.0

1
8

0
.9

1
7

0
.9

9
4

T
ab

le
4.11:

A
n
k
le

B
on

e
S
egm

en
tation

R
esu

lts

D
S
C

H
D

(m
m

)
V

S

M
ean

M
in

M
ax

M
ean

M
in

M
ax

M
ean

M
in

M
ax

P
C

A
0.827±

0.110
0.596

0.931
8.029±

2.454
2.735

16.572
0.852±

0.099
0.717

0.953
R

P
C

A
0.863±

0.031
0.746

0.901
8.432±

2.925
4.735

16.572
0.902±

0.034
0.807

0.953
K

P
C

A
0.843±

0.038
0.746

0.901
9.018±

2.959
4.735

16.572
0.892±

0.059
0.797

0.953
N

IP
S
-09

0.872±
0.016

0.841
0.904

8.398±
2.265

4.960
14.021

0.918±
0.057

0.791
0.969

M
IC

C
A

I-17
0.908±

0.033
0.825

0.960
7.881±

2.210
4.361

13.210
0.940±

0.030
0.886

0.990
R

K
P

C
A

0
.9

3
0±

0
.0

2
5

0
.8

8
0

0
.9

7
2

6
.1

1
5±

2
.3

6
0

2
.2

8
0

1
0
.7

5
3

0
.9

8
0±

0
.0

3
5

0
.8

9
4

0
.9

9
7

74



Chapter 4. A Novel Robust Kernel Principal Component Analysis for Nonlinear
Statistical Shape Modeling from Erroneous Data

(a) PCA (b) RPCA

(c) KPCA (d) NIPS-09

(e) MICCAI-17 (f) RKPCA

Figure 4.11: Comparisons of kidney pair segmentation results.

tively alleviates the overlap and abnormal deformation due to its ability of handling

corruptions.

4.4 Discussion

In this chapter, we propose a novel Robust Kernel Principal Component Analysis ap-

proach for statistical shape modeling with the aim to derive an SSM that is robust to

arbitrarily corrupted data and capable to represent linear and non-linear variabilities

simultaneously. Experiments are conducted on 30 public CT kidney pair volumes to

validate the models’ capability of representing non-linear features. Furthermore, 49 MRI

ankle bones are used to validate the models’ capability of handling highly corrupted
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(a) PCA (b) RPCA

(c) KPCA (d) NIPS-09

(e) MICCAI-17 (f) RKPCA

Figure 4.12: Comparisons of ankle bone segmentation results.

data. To investigate the ability for arbitrary outlier recovery, we artificially generate

corrupted datasets by removing a certain proportion of landmarks and measure the dis-

tance between its reconstructions from competitive models and ground truth afterwards.

Experimental results show a significant advantage of our RKPCA in coping with arbi-

trary outliers. Moreover, our proposed model outperforms the state of the art in all SSM

relevant measures: generalization ability, specificity, and compactness. Furthermore, the

application of our model in segmentation frameworks also demonstrates higher accuracy

in comparison to state of the art SSMs.

In addition to the application in statistical shape modeling, our proposed RPCA can

also be used in other compressive sensing areas, e.g. image and signal denoising, as it is

capable to capture significant nonlinear patterns from any data matrix and it is robust

to arbitrary outliers as well.
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Several limitations do exist in practice, though. Generally, the training data needs to

sufficiently cover the shape variances of the target object, i.e. as with other statistical

shape modeling approaches, any abnormal shape not contained in the training data will

not be modeled correctly. For example, for unhealthy organs with strong deformations

or large tumors, RKPCA’s robustness to corruptions may falsely try to correct these

abnormalities. The same applies for significant articulated joint motions which are not

present in the training data. Furthermore, if it comes to modeling of normally distributed

training data, RKPCA does not provide major advantages other than speed in compari-

son to KPCA. Moreover, SSMs are generally sensitive to initialization and RKPCA is no

exception. Especially for small and highly deformable structures this can be problematic

and accurate pre-initialization methods are needed. In this work, though, as the ankle

bone and kidney pair both occupy a relatively large region, practically, the initialization

does not significantly degrade the segmentation accuracy. Still, this motivates us to com-

bine our RKPCA with other approaches like deep neural networks to provide an accurate

initialization method in future work.
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Chapter 5

A Novel Bayesian Model
Incorporating Deep Neural Network
and Statistical Shape Model for
Pancreas Segmentation

In recent years, deep neural networks have permeated the field of medical imaging, par-

ticularly, achieved mentionable success in medical image segmentation. However, poor

contrast to surrounding tissues and high flexibility of anatomical structure of the interest

object are still challenges. On the other hand, statistical shape model based approaches

have demonstrated promising performance on exploiting complex shape variabilities but

they are sensitive to localization and initialization. This motivates us to leverage the rich

shape priors learned from statistical shape models to improve the segmentation of deep

neural networks.

In this chapter, a novel Bayesian model is proposed that incorporates the segmentation

results from both deep neural network and statistical shape model for segmentation. In

evaluation, experiments are performed on 82 CT datasets of the challenging public NIH

pancreas dataset. We report 85.32 % of the mean DSC that outperforms the state-of-

the-art and approximately 12 % improvement from the predicted segment of deep neural
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network. It should be pointed out that partial content in this chapter comes from our

publication “A Novel Bayesian Model Incorporating Deep Neural Network and Statistical

Shape Model for Pancreas Segmentation” presented at MICCAI 2018.

The chapter is organized as follows: first, an overview of pancreas segmentation ap-

proaches is introduced; the proposed DenseUNet as well as a concise introduction of UNet

and DenseNet is provided in 5.2, followed by the shape model initialization; subsequently,

the proposed Bayesian inference for segmentation is illustrated in 5.3, which is the ma-

jor contribution of this work; afterwards, experiments for CT pancreas segmentation are

introduced as well as a discussion.

5.1 Introduction

With the rapid development of Convolutional Neural Networks (CNNs) in semantic seg-

mentation, deep neural networks like FCN [51], UNet [1], SegNet[52] and RCNN [129]

have become a popular trend in medical image segmentation and achieved remarkable

success in organ and lesion segmentation. However, difficulties still remain in some chal-

lenging subjects segmentation, such as CT pancreas, due to the relatively small region

in the whole volume, highly complex anatomical structure and significantly ambiguous

boundary. On the other hand, usually the amount of labeled medical image data is

limited which inhibits the segmentation from achieving considerable accuracy. To tackle

these challenges, we aim to propose a robust segmentation approach for pancreas, which

is one of the most challenging organs.

5.1.1 Overview of Pancreas Segmentation

Numerous works focus on pancreas segmentation in literature, table 5.1 conveys a survey.

Early works using traditional shape models are proposed in [130, 85]. Subsequently,
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shape models are chosen to be incorporated with other methods like level set [84] and

multi-atlas [131]. Since the year of 2015, the number of publications using deep neural

networks rapidly increased, note that the public NIH datasets is provided in [132]. With

the popularization of UNet, a large number of segmentation architectures are built on

the basis of UNet [73, 133, 134].

As CNN based neural networks lack the ability of learning 3D spatial features, Cai et

al. employ the recurrent neural networks (RNN) to learn the spatial information across

adjacent slices in their two related publications [135, 136]. From another aspect, graph-

ical models like Conditional Random Field (CRF) and Markov Random Field (MRF),

shape models, image classifiers [137] [138] and Gaussian Mixture models [133], are often

utilized on the top of probability score obtained from the deep neural network for a local

refinement. The BRIEFnet proposed in [139] leverages a binary sparse convolutional in

the first layer, followed by the dilated convolutional layers to learn the rich spatial fea-

tures. In [140], Xia et al. fuse the segmentation based on 2D slices into a 3D Volumetric

Fusion Net (VFN) in order to integrate 3D information.

In small object segmentation, background contents occupy a relatively large area and

seriously disturb the salient feature extraction, which degrade the efficiency of segmenta-

tion frameworks. To combat this, a coarse-to-fine framework is designed in [141] where

the coarse network is trained to obtain the rough segment and remove the background

regions, afterwards the shrunken region is passed to the fine network for precise segmenta-

tion. Still under the coarse-to-fine framework, Yu et al. proposed the Recurrent Saliency

Transformation Network in [142], where the estimated probability score in the last itera-

tion is passed to the new iteration as spatial weights. A similar coarse-to-fine framework

is also applied in [143] that deals with multi-scale inputs. On the other hand, in [134],

a novel Attention Gate (AG) model based on the UNet architecture is proposed that

efficiently suppress the unconcerned regions but highlight salient features. In [73, 144], a
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dense dilated convolutional neural network is used for abdominal organs segmentation,

which adopt the dense block from DenseNet.

Conclusions can be drawn from the survey: first, obviously it is found that the ma-

jority of pancreas segmentation approaches select deep neural networks and SSMs as

a basis; an end-to-end trained deep neural network cannot guarantee the segmentation

accuracy even though they are preferred, therefore, authors leverage another machine

learning approaches, such as the graphical models CRF and MRF, and shape models, to

refine the segmentation results.

5.1.2 Hypothesis

Considering of the ambiguities on boundary, it is well worth to leverage the 3D shape

variabilities to distinguish the non-visible boundary, this motivates us to employ statis-

tical shape models in segmentation framework. Through back projection onto the shape

model, the corruptness on input shape is supposed to be corrected. Owing to the high

variability of pancreas shape, the RKPCA (cf. Chapter 4 for detail) is employed to cre-

ate a nonlinear SSM as it has compelling advantages in handling corrupted and highly

deformable training data than conventional PCA models. However, the model based

approaches are sensitive to initialization, thus a deep neural network plays an important

role in providing a rough segmentation for shape model initialization. With this mo-

tivation, we integrate the segmentation from deep neural network and statistical shape

model under a Bayesian inference. A novel optimization principle joint with image fea-

ture and shape prior is proposed to guide segmentation. Our approach is demonstrated

to be promising and efficient in terms of evaluation. The whole pipeline of segmentation

is illustrated in Fig. 5.1, where a DenseUNet architecture is presented as a primary

training, followed by the Bayesian model to achieve segmentation.
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Figure 5.1: This figure illustrates the whole segmentation pipeline: (a) implies the test
image to be segmented, through the pre-trained deep neural network (b), a probability
score (c) is obtained; (d) indicates that the shape model is initialized with the proba-
bility score; and (e) implies the proposed Bayesian model, where the color indicates the
probability for each landmark; (f) is the final segmentation output.

5.2 DenseUNet for Model Initialization

In this section, we elaborate our segmentation approach starting with the deep neural

network architecture, followed by the Bayesian model. Given a set of 3D CT volumes

I = {I1, . . . , IN} with corresponding ground truth mask Y = {Y1, . . . YN} for training,

shapes S = {S1, . . . , SN} can be extracted from the ground truth mask via Marching

Cubes to train the robust kernel statistical shape model defined as RKSSM(S|V,K),

where S implies the training dataset, V decides the eigenvectors in kernel space, K is the

robust kernel matrix with elements Kij = κ(Si, Sj) and κ is the kernel trick.
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5.2.1 DenseUNet Architecture

UNet, present at MICCAI 2015, has been the most popular neural network in medical

image segmentation. Fig. 5.2 illustrates the architecture, where the hierarchical intensity

based features are learned in the downsampling path by stacked 3×3 Conv−BN−Relu

layers, where BN indicates the batch normalization and Relu indicates the nonlinear

activation. Extended from FCN, UNet considers the full context of image and records

the position of each pixel. This makes it possible to pass the entire image to UNet

and obtain the probability score straightforwardly. More importantly, the key novelty

of UNet is a skip connection from downsampling layer to its corresponding upsampling

layer, which encourages the feature propagation and reuse.

Figure 5.2: Architecture of UNet proposed in [1].

Despite the remarkable performance in localization, the UNet lacks the capability

to learn local features. This is because usually medical image has a large dimension,

which limits the batch size and number of feature maps in training phase. This motivate

us to encourage the feature reuse and reduce number of parameters with the limited

83



Chapter 5. A Novel Bayesian Model Incorporating Deep Neural Network and
Statistical Shape Model for Pancreas Segmentation

GPU memory. DenseNet [6] shows advantages in narrowing the network width, reusing

features and significantly alleviating the problem of gradient vanishing over the ResNet

[145], which also aims to enhance the propagation of features. Therefore, we attempt to

embed the DenseNet block in UNet architecture by simply replacing the stacked Conv−

BN − Relu and a following MaxPooling operation at each downsampling step with a

5-layer dense block with a transition layer, meanwhile, keeping the upsampling path and

concatenation unchanged. The architecture is illustrated in Fig. 5.3. In this work, the

5-layer dense block is used with the growth rate of 4.

Figure 5.3: Architecture of our proposed DenseUNet. A convolutional with large kernel
is adopted at the very beginning, followed by three 5-layer dense block. Each dense block
is followed by a transition layer to achieve downsampling.

According to the most of segmentation related works, Dice coefficient loss with a

smooth value is used and defined as:

l(Z, Y ) = 1− 2×
∑

i ziyi + 0.1∑
i(z

2
i +

∑
i y

2
i ) + 0.1

,

where Z represents the predicted mask. Our DenseUNet is trained with 2D slices ex-

tracted from 3D training images from Axial view, Sagittal view and Coronal view respec-
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tively, resulting in three predicted segment ZA, ZS and ZC . Considering of the GPU

memory consumption and computational cost, often the 2d slices extracted from 3D

medical image volumes are used for training, e.g. the work [137, 140]. Due to the ReLu

activation in the output layer, the intensity range in predicted segment is in [0, 255]. To

make use of the predicted segments in further Bayesian model, we generate probability

maps Π = {Π1, . . . ,ΠN} by merging the three predicted segments and feeding into a

sigmoid logistic function:

Πi =
1

1 + exp(−SAi +SZi +SCi
255

)
, (5.1)

where Πi indicates the probability map of the ith image. Using the sigmoid function

to compute probability map is because (1) this is a binary segmentation task with 2

classes in total, and (2) considering the uncertain accuracy of Dense U-Net, we make the

probability for each pixel in range [0.5, 1] that “1” indicates the pixel has a considerable

probability of being ROI (Region of Interest) and “0.5” indicates the pixel is unsure

to be ROI or NOI (Non of Interest). Apparently, the intersection region of ZA, ZS

and ZC is assigned higher probabilities, and uncertain or corrupted areas receive lower

probabilities.

5.2.2 Model Initialization

A reliable initialization plays an important role in shape model based segmentation, as

it not only locates the shape model but also offers the initial estimation for shape fitting.

With the probability score map is obtained from the deep neural network, a necessary

pre-requisite step is initialized the shape model with the probability map (cf. Fig. 5.4).

First, the largest connected component extraction filter provided by the open source

Insight Segmentation and Registration Toolkit (ITK) library1 is applied to the

1https://www.itk.org/
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probability, in order to extract the largest connected region that is assumed to be the

most reliable. It is worth mentioning that this type of largest component thresholding

is often used segmentations in literature. A 3D contour can be extracted from the new

probability map after thresholding by Marching Cubes. Subsequently, the mean shape of

the shape model is aligned to the contour extracted from probability map by the Iterative

Closest Point Transform [146] provided by the public Visualization Toolkit (VTK)

library2.

(a)

−→

(b)

−→

(c)

Figure 5.4: This figure illustrates the procedure of model initialization: (a) is the prob-
ability score map from deep neural network, where the color indicates the probability
value; (b) is the ICP alignment of shape model and the probability score; (c) is the
model initialization.

5.3 Bayesian Model

The procedure of the proposed Bayesian model based segmentation refinement is depicted

in Fig. 5.5. Let the shape modelRKSSM fed into Π for initialization (cf. Fig.5.5-(b)), we

have an initial shape of segmentation C = {x1, . . . , xNp}, where landmark xi represents

the ith pixel in the test image. Given the test image I, probability map Π and the

shape model RKSSM , assume the optimal shape C can be derived using Bayes’ rule as

follows:

p(C|I,Π) ∝ p(I,Π|C) p(C), (5.2)

2https://www.vtk.org/
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term p(I,Π|C) is maximum likelihood estimation of C based on image and probability

map and term p(C) is considered as the prior distribution of the shape model. Shape

C is guided towards the most probable mode by maximizing the posteriori in 5.2, which

is equivalent to simply minimizing its negative logarithm leading to the energy func-

tion:

E(C) = − log(p(I,Π|C))− log(p(C)), (5.3)

the first term related to the intensity feature is solved via a Gaussian Mixture Model and

the second term related to the shape prior is solved with the shape model. The optimal

solution is reached by adapting the gradient descent to the energy. The overall procedure

of segmentation algorithm is summarized in Alg. 3.

Figure 5.5: This figure illustrates the pipeline of segmentation approach: given the test
image with probability map (a), the shape model is initialized to fit the detected region
(b); considering the neighborhood region around each landmark (c), a Gaussian Mixture
Model is trained (d) to guide shape adaption (e); afterwards, project the shape onto
statistical shape model (f); we obtain the segmentation output (g) when the convergence
is reached.
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5.3.1 Dynamic Weighted Gaussian Mixture Model

To find the maximum likelihood of p(I,Π|C), a dynamic weighted Gaussian Mixture

Model DWGMM is trained based on the image intensity, under the assumption that

all the pixels are statistically independent from each other. In contrast to conventional

GMM , the probability map Π is adopted as prior weights of different components in the

model, and the probability density is updated with the shape fitting dynamically. Given

a single Gaussian distribution:

Ψ(x|µ,Σ) =
1

(2π)
|x|
2

√
|Σ|

exp
(
− 1

2
(x− µ)Σ−1(x− µ)

)
,

let X = {x1, . . . , xnK} be a D-dimension image with nK pixels, the probability density

function (PDF) is defined as:

P(X|Π,Θ) =

nK∏
i=1

{πiΨ(xi|ΘR) + (1− πi)Ψ(xi|ΘN)}, (5.4)

where the parameters {ΘR : µR,ΣR} consists of mean value and standard deviation of

image intensity, Ψ(X|ΘN) is defined in the same way. This DWGMM contains two

independent components Ψ(X|ΘR) and Ψ(X|ΘN) representing ROI and NOI. As a

result, the probability of pixel xi being each component can be estimated from (5.4), we

denote wR(xi) and wN(xi) as the probability of pixel xi being ROI and NOI:

wR(xi) =
πiΨ(xi|ΘR)

πiΨ(xi|ΘR) + (1− πi)Ψ(xi|ΘN)

wN(xi) =
(1− πi)Ψ(xi|ΘN)

πiΨ(xi|ΘR) + (1− πi)Ψ(xi|ΘN)
.

(5.5)

To reduce the non-related pixels’ influence on DWGMM , only the neighborhood

around each landmark is considered in training (cf. Fig. 5.5-(c)). Let Ω(xi) donate the

cubic neighborhood around the center xi with radius r, thus each neighborhood contains

(2r + 1)3 pixels. Let Ω+(xi) be the region inside the shape within Ω(xi) and Ω−(xi) =
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Ω(xi)−Ω+(xi) be the outside region (cf. Fig. 5.5-(c)). Therefore, the parameters ΘR, ΘN

are trained within
∫
xi∈C Ω+(xi)dx and

∫
xi∈C Ω−(xi)dx respectively. Similarly, the mean

probability µwR and µwN of being ROI and NOI are obtained by only considering the

pixels in region
∫ Np
i=1

Ω(xi)dx. In this manner, more precise probabilities can be obtained

by shrinking the region of neighborhood, leading to finer segmentation.

Theoretically, it would be ideal that the pixels inside shape C have the highest proba-

bility of being ROI and the pixels outside shape C have the highest probability of being

NOI. Inspired by the popular Mumford-Shah function [61], a novel energy function term

is formed:

− log(p(I,Π|C)) =

∫ Np

i=1

∫
j∈Ω(xi)

(
wR(xj)− µwR

)2
+
(
wN(xj)− µwN

)2

+
(
wR(xj)− µwR

)(
wN(xj)− µwN

)
dx,

(5.6)

at this stage, the landmarks are fitting to superior positions automatically in terms of

the probability rules in 5.5. Since the pixels are statistically independent without global

constraint, assume the landmark xi will move along the outward curvature normal with

direction −→ (xi) to reach the optimal, we compute ∂(p(I,Π|C))/∂(C) = 0 to obtain the

movement direction −→ ∗(xi) for each landmark that:

−→ ∗(xi) =
(wR(xi)− µwR)2 − (wN(xi)− µwN)2

(wR(xi)− µwR)(wN(xi)− µwN)
, (5.7)

note that for pixels xj ∈ Ω+(xi),
−→ ∗(xj) < 0, otherwise for pixels xj ∈ Ω−(xi),

−→ ∗(xj) >

0. Namely, −→ ∗(xi) > 0 indicates xi moves along the normal to exterior and −→ ∗(xi) < 0

indicates xi moves along the inverse direction of outward normal to interior.

5.3.2 Shape Prior

Statistical shape models are demonstrated to have a strong ability in global shape con-

straint. In this work, we employ the proposed RKPCA method to train such a robust
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kernel model RKSSM(S|V,K). Specifically, the model statistics is leveraged to correct

the erroneous modes and estimate the uncertain pieces (cf. Fig. 5.5-(e) to Fig. 5.5-

(f)), which means we only focus on the model back-propagation at this stage. As

aforementioned, often the standard pre-image of RKPCA fails to approximate a recon-

struction in the shape space, furthermore, the shape to be projected onto the model

at this stage already contains certain pieces that are supposed to be preserved. There-

fore, the proposed constrained pre-image is used for model back-propagation. Assign-

ing the initialization Sj for the shape C to be projected onto the model, we have

κ(C, Sj) = max{κ(C, Si) : i = 1, . . . , N}. Employing the shape model in Bayesian

model, we consider the prior as:

− log(p(C)) = ‖PnΦ(S)− Φ(C)‖2 + ω ‖Φ(Sj)− Φ(C)‖2 , (5.8)

where ω is a positive trade-off to balance the supervised constraint and the standard

pre-image. PnΦ(x) denotes the projection of Φ(x) onto the principal subspace of Φ.

Afterwards, the shape projection is solved by taking gradient ∂(− log(p(C)))/∂(C) = 0

and the reconstructed shape vector is derived by:

Ĉ =

∑N
i=1 γiκ(C, Si)Si + ωSj∑N

i=1 γiκ(C, Si) + ω
, γi =

N∑
k=1

Vj
iKjV

k
i . (5.9)

The Algorithm of Bayesian model in segmentation is illustrated in Alg. 3.

5.4 Evaluation

5.4.1 Dataset

The proposed segmentation framework is validated upon a public NIH pancreas datasets

[132], containing 82 abdominal contrast-enhanced 3D CT scans with the size ranges in
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Algorithm 3 Algorithm of Segmentation with Bayesian Model

Input: a set of test images I = {I1, . . . , INs}, the probability maps Π = {Π1, . . . ,ΠNs},
shape model RKSSM , radius r = 3
Feed shape model to the initial shape C extract from probability map

while neighborhood radius r ≥ 0 do
Train P(X|Π,Θ) with current shape C in 5.4

while not converged do
Train DWGMM in 5.6
Shape Adaption in terms of 5.7 and obtain the new shape C∗

if ‖C∗ − C‖2 ≤ ε break
end while

Update C by back projection onto RKSSM in 5.9
Shrink the neighborhood for fine tuning r = r − 1

end while

Output: the segment Ŷ from the final shape Ĉ

512 × 512 × D (D ∈ [146, 181]), voxels resolution varies from 0.5mm to 1.0mm. Note

that CT pancreas is very representative as a challenging subject in segmentation.

Data augmentation is performed to artifically generate more datasets following the

operations in [132], where affine transformation, i.e. rotation, scaling and translation,

as well as non-rigid deformation are applied to each trainig sample. Rotation, scaling

and translation are applied to the training samples simulatenously based on a randomly

selected degree. Afterwards, the non-rigid deformation t is computed via fitting the

TPS (thin-place-spline) to a grid of randomly transformed control points. As a result, 9

more samples are generated from every one training sample. Specifically, around 20, 000

images of 2d slice are used in each network training. For fair comparison, experiments

are conducted upon 4 fold cross validation, i.e. the number of test datasets are 20, 20,

21, 21 respectively.

91



Chapter 5. A Novel Bayesian Model Incorporating Deep Neural Network and
Statistical Shape Model for Pancreas Segmentation

5.4.2 Parameter

On a GeForce GTX 1080ti GPU, it takes approximately 5 hours to process one fold cross

validation. Learning rate is initially set as lr = 0.01 and decreased after every 100 epochs.

Prior to statistical shape modeling, a point-to-point groupwise correspondence [119] is

computed over all the 82 pancreas shapes, each pancreas shape contains 2500 landmarks

thereof. The RKSSM is trained following the pipeline as described in Chapter 4. The

RBF kernel trick is employed and kernel width σ = 250 in accordance with the rule in

(3.25). In the model back projection, the balance term is set as ω = 0.5. We set r = 3 at

the beginning in shape adaption with DWGMM . The convergence condition value for

shape adaption is ε = 10−6.

We take the measures Dice Similarity Coefficient DSC = 2(|Y+ ∩ Ŷ+|)/(|Y+|+ |Ŷ+|),

Jaccard Index JI = (|Y+∩Ŷ+|)/(|Y+|∪|Ŷ+|), Hausdorff distanceHD, Recall (true positive

rate) and Precision. Note that Table 5.2 and Table 5.3 report the average results of each

measure.

5.4.3 Segmentation Results

Table 5.2 reports the comparison of segmentation results from our own approaches and 2d

UNet under the same datasets. To be mentioned, previously the SSMs derived using the

proposed approach are embedded into an existing ASM segmentation framework, without

the consideration of initialization. To evaluate the proposed Bayesian image adaption

based on the dynamic weighted Gaussian Mixture Model, we embed the RKSSM with

ASM framework that is initialized in terms of the probability score from DenseUNet (cf.

the row “ASM + DenseUNet” in Table 5.2).

Under the paired t-test with the null hypothesis, the statistics analysis is performed

on the segmentation results that the p−values are calculated with a significance level of
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α = 0.01. Conclusions can be drawn from the results in Table 5.2: 2D UNet achieves only

71.25% for the average DSC that is relatively low; our proposed DenseUNet boosts the

performance slightly with 2% improvement in terms of the average DSC. Although the

DenseUNet has a low accuracy, it is greatly useful in shape model initialization, namely,

the ASM segmentation achieves 78.84% of the average DSC. It is worth to mention

that with the same initialization, our proposed Bayesian model has significantly better

performance than the conventional ASM.

For an intuitive view, the segmentation procedure of Bayesian model (cf. Fig. 5.6),

where we compare the segmentation results for Case #1, Case #2, Case #3 at every

stage with different cropped neighborhood radius. Specifically, Fig. 5.6-(a) illustrates the

primary segmentation result from DenseUNet, (b) indicates the segmentation with radius

r = 3, (c) indicates the segmentation with radius r = 2, (d) indicates the segmentation

with radius r = 1 and (e) indicates the final result with radius r = 0. Apparently,

the shape is closer to the ground truth (marked in red) with shrinking the cropped

neighborhood radius, namely, the segmentation leads to precise gradually.

5.4.4 Comparison to State-of-the-art

We compare the segmentation results with related works using the same datasets in

Table. 5.3. The introduction of the cited works is provided in Section 5.1. In terms of the

segmentation results, we report the highest 85.32% average DSC with smallest deviation

4.19, and the DSC for the worse case reaches 71.04%. That is to say, our proposed

method is robust to extremely challenging cases. We can also find an improvement of

JI. More importantly, we can come to the conclusion that the proposed Bayesian model

is efficient and robust in terms of the significant improvement (approximately 12% in

DSC) from the neural network segmentation.
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(a) (b) (c) (d) (e)

Figure 5.6: Figure shows the segmentation procedure of NIH Case #1 in the first
row, Case #2 in the second row and Case #3 in the third row. Note that (a) is the
primary segmentation result from deep neural network, (e) indicates the final result and
the ground truth is marked in red. Specifically, the average DSC of Case #1 is raised
from 68.90% in (a) to 82.17% in (e), the average DSC of Case #2 is raised from 71.52%
to 84.83% and that of Case #3 is raised from 69.51% to 78.07%.

5.5 Discussion

Motivated by tackling difficulties in challenging organ segmentation, we integrate deep

neural network and statistical shape model within a Bayesian model in this work. A novel

optimization principle is proposed to guide segmentation. We conduct experiments on the

public NIH pancreas datasets and report the average DSC = 85.34% that outperforms

the state-of-the-art.

94



Chapter 5. A Novel Bayesian Model Incorporating Deep Neural Network and
Statistical Shape Model for Pancreas Segmentation

Despite the promising results, the proposed Bayesian segmentation pipeline has sev-

eral limitations. First of all, it is not trained in an end-to-end manner, which makes

it difficult to reproduce the results. Secondly, the proposed DenseUNet does not seem

efficient in terms of the low accuracy. This is mainly because the ROI of pancreas only

occupies a small area across the whole frame of image. Too much background informa-

tion disturbs the feature extraction. Motivated by this, we aim to propose an end-to-end

neural network that embeds the shape prior in the network architecture. The shape prior

is designed to filter out background information in training.
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Chapter 5. A Novel Bayesian Model Incorporating Deep Neural Network and
Statistical Shape Model for Pancreas Segmentation

Table 5.3: Pancreas segmentation results comparing with the state-of-the-art. ’−’ indi-
cates the item is not presented.

Method Mean DSC Max DSC Min DSC Mean JI
Ours 85.32± 4.19 91.47 71.04 74.61± 6.19

Our DenseUNet 73.39± 8.78 86.50 45.60 58.67± 10.47
Xia et al. [140] 84.63± 5.07 91.57 61.58 −
Zhu et al. [143] 84.59± 4.86 91.45 69.92 −
Yu et al. [142] 84.50± 4.97 91.02 62.81 −
Cai et al. [135] 83.70± 5.10 91.00 59.00 72.30

Oktay et al. [134] 83.10± 3.80 − − −
Cai et al. [136] 82.40± 6.70 90.10 60.00 70.60± 9.00

Zhou et al. [141] 82.37± 5.68 90.85 62.43 −
Roth et al. [137] 81.27± 6.27 88.96 50.69 68.87
Roth et al. [132] 71.80± 4.10 86.90 25.00 −
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Chapter 6

Conclusion and Future Work

6.1 Conclusion

In summary, the research focus of this thesis is biological structure segmentation from 3D

medical volumes. Considering of the low-contrast to surroundings, large shape variability

and limited amount of labeled image data, statistical shape models (SSMs) are chosen as

a fundamental approach owing to its considerable success in mitigating these challenges.

SSMs extracts the dominant patterns of the target shape, afterwards the learned shape

prior can be further used in segmentation associated with an image adaption. Specifically,

SSMs parameterize the significant shape variability using a relatively small number of

parameters, which makes SSMs-based approaches have compelling advantages of less

computational cost in training phase and applicable flexibility in contrast to the recent

popular trend deep neural networks.

Nevertheless, it is still demanding to derive a quality model due to the challenges

that: (1) training shapes for deriving SSMs may contain arbitrary corruptions caused by

factors like the artifacts, noise, non-ideal delineation and erroneous from mesh genera-

tion, such outliers degrade the quality of derived SSMs and the segmentation accuracy

thereof; (2) it is common seen that the geometrical complexity in the target shape, where
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linear and nonlinear patterns exist simultaneously. Furthermore, in practice, even a good

quality SSM cannot guarantee the accuracy of segmentation without a power image adap-

tion in cases of challenging situations, e.g. CT pancreas segmentation. In this thesis,

many efforts have been made to developing techniques for statistical shape modeling and

challenging subject segmentation mitigating the challenges as aforementioned.

Aiming at addressing the training data contamination, early attempts are made to

investigate imputation method (cf. our publication [114]) where the high frequency

data in the probabilistic distribution are considered as outliers and re-estimated by the

proposed method. Owing to the great success in corrupted data recovery, the Robust

PCA (RPCA) is leveraged for statistical shape modeling which forms a basis of outlier

handling for further methodologies. Subsequently, a weighted RPCA (cf. our publication

[27]) is proposed in order to improve the standard RPCA. The motivation behind is to

keep the data with higher reliability in the underlying low-rank component in spite of its

frequency in probabilistic distribution. Note that the degree of reliability is learned from

prior knowledge.

The major contributions are summarized as follows:

• The successful attempts on coping with corruptions in linear distribution motivate

us to address the data corruption in nonlinear distribution, as the nonlinear patterns

are common seen in realistic scenarios, e.g. the narrow inner space between sub-

parts in a multi-object model. Inspired by the Kernel PCA (KPCA), which maps

nonlinear input data onto a high-dimensional implicit feature space and forms a

kernel matrix by learning the affinities between each pair of data point, we perform

the low-rank modeling on the kernel matrix to achieve dimensionality reduction

and data compression thereof. Accordingly, a novel kernelized RPCA is proposed

in our publication [95] to handle the data corruption in nonlinear distribution. The
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proposed approach is validated upon a set of internal MRI ankle bone volumes,

where the shape of ankle bone contains 9 independent sub-bones with narrow inner

space. Experimental results show the feasibility of compressing the kernel matrix

to achieve nonlinear corrupted data recovery.

• Based on the success of performing low-rank modeling on the kernel matrix, a novel

Robust Kernel Principal Component Analysis (RKPCA) is proposed that expands

from the motivation of the previous work. The motivation behind is to develop

a generic nonlinear data compression technique, which has capability of handling

heavily corrupted training data. In addition, a constrained pre-image is proposed to

address the convergence problems in standard pre-image of KPCA, which is able to

efficiently reconstruct severely corrupted or highly distorted shape data. Extensive

experiments are conducted to validate the prosed RKPCA, in order to evaluate the

ability of outlier recovery, the quality of derived SSMs as well as the segmentation

accuracy using the derived models. Besides, statistical test is employed to prove

the significantly better performance of the proposed RKPCA.

• As aforementioned, all the shape-model based approaches are sensitive to initializa-

tion, especially for the challenging cases where the subject occupies a small region

and has large shape variability. In literature, often an image statistics classifier is

leveraged to refine the segmentation. In this thesis, the deep neural networks are

utilized as a crucial pre-training to offer an initialization for the shape model, as well

as a prior probability score of related pixels. Therefore, a novel segmentation frame-

work is proposed that integrate the shape prior and the probability score trained

with deep neural network in a unified Bayesian model. Owing to the flexibility of

SSMs, the segmentation is locally refined and outperforms the state-of-the-art in

terms of the average DSC, upon the public NIH pancreas datasets.
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Besides the algorithmic innovation, efficient implementation of the SSM and ConvNet

tools ensures quality of the experimental results: the Medical Imaging Interaction

Toolkit (MITK) is used for SSMs investigation and analysis; the public library Keras

is leveraged for deep neural networks development. The proposed methods are evaluated

upon a set of internal MRI ankle bone volumes, a set of public CT kidneys from MICCAI

2015 Multi-atlas and a set of public NIH CT pancreas. It is worth mentioning that

all the medical image datasets used in this thesis are validated by clinical experts.

Despite the success in terms of the rich experimental results, the proposed techniques

still have limitations that are discussed at the end of each chapter respectively. How-

ever, several general limitations should be argued here: first, the shape models are based

on a groupwise point-to-point shape correspondence, however, the correspondence pro-

cedure itself is a time-consuming and difficult technical problem; second, even though

our proposed segmentation approach has achieved the best performance compared to

the state-of-the-art, the deep neural networks and shape models are trained individually,

which gives rise to redundant computational cost and application time.

6.2 Future Work

With the foundation, two aspects of research directions for future work are presented as

follows:

6.2.1 Statistical Shape Modeling Without Correspondence

Similar to the majority of shape modeling approaches, SSMs in this thesis are developed

based on an existing point-to-point pre-correspondence. However, the correspondence

computation itself is an extremely difficult research direction, which limits the SSMs’
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flexibility in practice. Accordingly, it would be interesting to investigate a novel repre-

sentation of shape for statistical shape modeling, with the aim of alleviating the burden

of landmark correspondence. In [147], a novel shape representation called a Disjunctive

Normal Shape Model (DNSM) is proposed, where the shapes are formed by the conjunc-

tions of half-spaces. It shows considerable advantages of representing local statistics and

does not require landmark correspondence. With the novel representation, the shape

prior can be easily embedded into a wide range of machine learning approaches. In [29],

a sparse image representation is utilized combining landmark position and appearance

prior to create a SSM, instead of one-to-one correspondence. In a nutshell, what we

expect is that reformulating the shape prior as a flexible energy function to embed in

other frameworks. For instance, the level set is reformulated and combined with the deep

neural networks in [75].

6.2.2 Embedding RKPCA into Deep Neural Network

Even though the deep neural networks become preferred recently, they still suffer from

high computational cost and GPU memory consumption. By contrast, data compression

techniques, e.g. compressive sensing and RPCA, have advantages of less computational

cost and parameters in training phase over the deep neural networks. This encourages

authors to reformulate such a low-rank modeling as a layer embedding into the deep

neural network architecture. In [148], Yang et al. proposed an ADMM − Net that

is derived from the iterative procedures in Alternating Direction Method of Multipliers

(ADMM) in order to achieve a fast MRI reconstruction. In [149], a novel convolutional

neural network frame is proposed that consists of RPCA layers and the classical SVM as

a statistics classifier for incomplete face recognition. The RPCA layers are used as filters

to extract the low-rank components of the recovered images.
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In this thesis, a novel RKPCA is proposed for statistical shape modeling which shows

a satisfied ability of nonlinear data compression. It is worth to mention that it has

potential to be used in compressive sensing areas. Therefore, it would be feasible to

formulate the RKPCA as a layer in deep neural network in order to extract dominant

nonlinear patterns and remove the sparsity for segmentation. Moreover, only a small

number of parameters is required in training such a RKPCA layer, namely, it will not

bring overmuch computational cost to the whole.
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