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Abstract

Glioma is a kind of slow-growing brain tumor which may result in severe seizures. Currently a major tool used
to detect and diagnose the glioma is MRI scan. To better analyze the medical image, segmentation is usually
conducted as a basic step for further processing, which partitions an integrate image into multiple physically
meaningful regions by annotating objects and boundaries. Deep learning based segmentation methods have
attracted significant interest due to their high efficiency and strong generalization ability. With the increasing
demands of high-quality segmentation of bio-tissues in medical region, plenty of innovative approaches were
proposed to expand the boundary of segmentation capability of deep learning models by taking the spatial or
temporal constraints of bio-structure into consideration. Although, longitudinal segmentation in 2D natural
image sequences has made a lot of success, the potential of deep learning network in segmenting a series of

chronological 3D MRI images in terms of improving consistency remains unclear.

This thesis aims to investigate whether deep learning models are able to increase segmentation accuracy as
well as consistency in longitudinal 3D images, specifically focusing on introducing Recurrent Neural Net-
work(RNN) to 3D Convolutional Neural Network(CNN) for 4D segmentation. In addition to the implemen-
tation of several U-Net variants as CNN backbone, three types of longitudinal connection strategies are pro-
posed. A hierarchical workflow is followed to create the optimal version of longitudinal network based on
combining multiple CNN variants and connection strategies. The evaluation of the 4D network shows that
segmentation accuracy of the longitudinal model is limited by its CNN backbone and temporal information
can partially improve the segmentation consistency with regard to maintaining the highest proportion of nor-

mal tissue unchangeable over time.

Keywords: MRI, CNN, U-Net, longitudinal network, 4D segmentation, segmentation accuracy, segmentation

consistency, brain tumor segmentation

iii






Acknowledgements

I would like to express my appreciate to the following people who provide me with assistant and support
in accomplishing this thesis. First I want to thank Karin van Garderen, PhD at Erasmus MC. Without your
tutor and patient, I could not finish this project in six months starting from a freshman in the medical image
segmentation field. Whenever I have questions, you are always there and willing to help me address trouble.
I would also thank Stefan Klein, my supervisor at Erasmus MC. Your expertise in image registration filed left
me a deep impression. Every time when I show the progress, you can point out the problems existing in my
methods and give me fresh ideas and useful instructions. The encouragement from Karin and Stefan supports
me to go through this difficult time period. And Wei Pan, my supervisor from TU Delft, your valuable advice
not only on arranging Master thesis but also on preparing my future career helps me stay away from anxiety.
In addition I cannot ignore my parents, who stand by me when I decided to study abroad and provide the
financial support. Without you, I will not have all these unforgettable experiences. Finally, thank you to all
my friends and your accompany to help me survive in this tough time.






List of Figures

1

Introduction

1.1 Low grade glioma and Magnetic Resonance Imaging (MRI)

1.2 Image Segmentation . . . . . . .. ... ... ... ... ...,
1.3 Problem Statement . . . . . . . . . ... .. ...

1.4 ThesisOverview. . . . . . . . . . . . . o v v i e e e

Related Work

2.1 Deep Learning Incorporated with Traditional Methods . . . . . . .
2.1.1 ImageRegistration. . . . . . . . .. ... ... ... ...
2.1.2 Conditional Random Field(CRF). . . . . . .. . ... ...

2.2 CNNCombinedwithRNN . . . ... ... ... .. .......

Methodology

3.1 Baseline: 3D segmentationmodels . . . . . . .. ... ... ...
3.1.1 Original 3D U-Net Architecture . . . . . . ... ... ...
312 3DResU-Net . . . .. .. .. .. ..o,
3.1.3 3DDilationResU-Net . . . . . .. .. ... .. ......
3.1.4 Direct ConcatU-Net  DCU-Net). . . . . . ... ... ...

3.2 Proposed models: 4D longitudinal models . . . . . . .. ... ..
3.2.1 LongShort Term Memory Network . . . . ... ... ...
3.2.2 Back-Connection longitudinalmodel . . . . . . . . . ...
3.2.3 Intermediate-Connection longitudinalmodel . . . . . . . .
3.2.4 Shortcut-Connection longitudinalmodel . . . . . . . . ..

3.3 Experimental Settings. . . . . . . . .. ... ... L.
3.3.1 Dataset. . . . . . . .. .. oo
3.3.2 ImplementationDetails . . . . . ... ... ........
3.3.3 Pretraining strategy of longitudinal model . . . . . . . . . .
3.3.4 EvaluationMetrics. . . . . . . . ... ..o
335 LossFunction . . . .. ... ... .. ...........

3.4 Experimentworkflow. . . . . . . ... ..o L0 oL

Results and Analysis

41 Results . . . . . . . . . L
4.1.1 Resultsofaccuracy. . . . .. . .. ... ... .. .....
4.1.2 Resultsofconsistency . . . . . .. ... ... ... ....

42 Discussion . . . . ... L L oo oo

Conclusions and Future Work

5.1 Conclusions. . . . . . . . . . . . e e e
52 FutureWork. . . . . . . . . . .. oo

vii

Contents



viii Contents

A Preliminary Experiments on Pure LSTM Networks 39
B Effect of Pretrained Weights on Longitudinal Networks 41
C Accuracy Comparison Between Longitudinal Networks and Corresponding 3D Backbones 43

Bibliography 47



List of Figures

1.1 Three types of modalities of a normal brain MRIimage[5].. . . . . . .. ... .. ... .......
1.2 A 3D MRIimage of brain from three orthogonal directions. The upper row is raw image, and the
bottom row is semantic segmented results. Different colors represent distinct tissues[19]. . . . .

2.1 Overview of CompareNet. The atlas image and label are aligned to the target image T before
CompareNet[27]. . . . . . . e
2.2 Ilustration of the joint 3D+2D segmentation pipeline[35]. . . . . . ... ... ... ... .. ....
2.3 Workflow of DeepAtlas for joint learning of weakly supervised registration and semisupervised
segmentation[37].. . . . . .. e e e
2.4 Overview of a 4D CRF as a Nonparametric Growth Model (NPGM)[10]. . .. ... .. ... .. ..
2.5 The framework of back-connected LSTM proposed by Chen et al. BDC-LSTM refers to bi-
directional convolutional LSTM[13]. . . . . . . o 0 0 i i e e e e e e e e
2.6 Architecture of BCDU-Net with bi-directional ConvLSTM in the skip connections and densely
connected convolution[11]. . . . . . ... .. L
2.7 The framework of 3D sequential segmentation network proposed by Novikov et al[29].. . . . . .
2.8 Theoverview of FCSLSTMS[18]. . . . . o o v i e e e e e e e e e e e e e e e s s e

3.1 Original 3D U-Net structure. Retrieved from Ozgiin Cigeketal[16]. . ... .............
3.2 3DResU-NetStruCture. . . . . . . . . . ottt ittt e et e e e e i e e e e e
3.3 Dilation convolution with exponentially increased dilation factor. The receptive field in green
color exponentially increases accordingly[38]. . . . . . . ... ... ... ... L L ..
3.4 3D Dilation Res U-Net. The left image presents the dilation sub-network used at the bridge of
Res U-Net. The right image shows the overview architecture of 3D Dilation Res U-Net. . . . . . .
3.5 DCU-NetStruCture. . . . . . . . v ittt ittt e e e e e e e i e e e e e e
3.6 Overview of LSTM unit architecture. Figure adapted from [39]. . . . .. ... ... ... .. ....
3.7 Architecture of stacked LSTMS. . . . . . . . . . e
3.8 Architecture of stacked Bidirectional LSTMs. . . . . . .. ... ... ... .. .. L o
3.9 Architecture of Back-Connection longitudinal network. . . . ... .. .. ... ... ... .. ...
3.10 Architecture of Intermediate-Connection longitudinal network. . . .. ... ... ... ... ...
3.11 Architecture of Shortcut-Connection longitudinal network . . ... ... ... ... .. ... ...
3.12 An example of patient data with 6 times MRI scans. The upper row is the FLAIR image modal-
ity and the lower row lists corresponding masks. The scanning date at the bottom is recorded
in format "yyyymmdd". There was a resection during 2003-07-14 and 2007-04-05. After that,
glioma grows up gradually again. Two types of defects is presented in this example: 1. A prob-
able magnetic imaging artefact in 2007-04-05 results in inconsistent segmentations of tumor
region compared to the following time points (marked by red squares); 2. Due to the limited ac-
curacy of FAST, an unreasonable shrink of White Matter mask(marked by color label 3) in terms
of area at time point 2011-02-06 can be noticed(marked by ared square). . . . . ... ... .. ..
3.13 Illustration of dateset splitting strategy. 10% of the whole dataset is reserved as testing data and
the rest is used in training phase(termed as training set in figure). In each epoch, random 10 %

of training set is selected for validation. . . . . . . ... .. ... ... . Lo L o L



List of Figures

3.14 Segmentation results by 4D model under different proportions of tumor patches in a training
epoch. If the threshold is less than 40%, tumor will be underestimated while overestimated if
higher than 40%. . . . . . . . . . e

3.15 The experiment workflow of this project. . . . . . . ... ... .. .. . .. . .

4.1 From up to down presents the three accuracy metrics for 4 CNN model variations. The model
variants are list on the x-axis, and the metric value is on y-axis. For distance-based metrics,
the results of normal tissues are separated from glioma since the value scale of tumor is much
larger than other tissues. Different face colors of boxes represents different target regions. The
horizontal line across each box is the median value and the green triangle is the mean value.
The gray dots outside the maximum and minimum boundary caps are extreme values. For two
distance-based metrics, since the scale of results of tumor is largely different from normal tis-
sues, their boxplots are separatelyshown. . . .. ... .. .. ... ... .. ... .. ... .. ...

4.2 The accuracy results for different 4D longitudinal model structures, taking 3D U-Net as example
backbone. . . . ..

4.3 Accuracy comparison between 3D DC U-Net and intermediate-connection 4D model. . . . . . .

4.4 Accuracy comparison between optimal longitudinal architecture with 3 different backbones.
The one with 3D DC U-Net backbone outperforms than the othertwo. . . ... ... ... ....

4.5 Left: TMR development curve over time of 3 testing patients. Right: mean and standard devi-
ation of TMR curve. The values above segments are mean and below are standard deviation.
A mean value of 1 means that, with respect to the previous time-point, all voxels of that label
remainedthesame. . . . . . ... ... L

4.6 Average transition rate matrix over time of 3 testing patients. From left to right column: ground
truth mask, longitudinal model, 3D DC U-Net. The x-axis of transition heatmap refers to the
label of ¢; and the y-axis is the label of #;,;. The value in each square is the averaged transfor-
mation rate across thewhole timespan. . . ... ... ... ... .. ... .. . .. . ...

A.1 Left: binary segmentation map per channel. Right: training loss and accuracy curves. The
bidirectional convolutional LSTM with one layer gives fastest convergence. . .. .. ... .. ..

B.1 The accuracy comparison with regard to DSC from three types of longitudinal networks. With-
out pretraining weights on corresponding CNN backbone, all the longitudinal models provide

worse performance. .............................................

C.1 Theaccuracyresults with regard to DSC, ASD and HD of 3D U-Net backbone and its Intermediate-
connection type 4D model. Longitudinal network does not show superiority to 3D backbone.

26

44

C.2 Theaccuracyresults with regard to DSC, ASD and HD of 3D Res U-Net backbone and its Intermediate-

connection type 4D model. Longitudinal network does not show superiority to 3D backbone.

45



Introduction

1.1. Low grade glioma and Magnetic Resonance Imaging (MRI)

Primary brain tumors are severe cancers which take many lives around the world every year. Glioma is an
important class of primary brain tumor that can be classified into four grades: I, II, III and IV, among which,
grade I and II are termed as low grade gliomal8], a type of slow-growing tumor. Seizures are the most typical
symptoms caused by low grade glioma. Based on the time and location it progresses inside brain, the symp-
toms can be mild or extremely serious. The exact causes of low grade glioma remain unknown. Currently the
optimal treatment of this disease is controversial, with a combination of surgery, observation, and radiation.
If the location of glioma within brain is safe enough, then removing it as much as possible by operation would
be an idea option. Even though, there is no guarantee that the tumor will not come back again after resection.
If so, following surgery have to be considered. To monitor the growth of glioma, patients are required to take
the brain examination regularly[7]. Magnetic Resonance Imaging (MRI) scan is an important tool used for
the non-invasive diagnosis and and quantitative analysis during the treatment of low grade glioma.

With the rapid progress of technology and massive research on medical instruments in past years, various
imaging technologies are applied to healthcare sector, including computed tomography scan (CT), MRI, ul-
trasound, positron emission tomography (PET) etc. Among them, MRI is featured with little health hazards
because of no radiation to human body and no limits to the number of scans on the subject, which leads it to
the prominent position in current medical diagnose and clinical research. Frequently used MRI in diagnose
is multi-parametric MRI, also known as multi-modality MRI, composed of several different pulse sequences.
The most common MRI sequences include T1-weighted, T2-weighted, Fluid Attenuated Inversion Recovery

(Flair) and Diffusion weighted imaging (DWI). Some frequently used modalities are shown in Figure 1.1.

MRI is powerful to detect anomalies of the brain and spinal cord, injuries or abnormalities of the joints. Espe-
cially in brain, MRI is capable to differentiate between white matter, grey matter and other tissues by combin-
ing several modalities, which is in favor of diagnosing lesions and tumors. The application of MRI in diagnosis
of glioma is a typical example. However, efficiently reading raw MRI images by human eyes to obtain useful
information demands specialized knowledge and rich experience. In recent years, researchers have been try-
ing to facilitate the extraction of information from MRI by utilizing many image processing technologies. A

basic step for such processing is semantic segmentation.
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T1-weighted T2-weighted

Figure 1.1: Three types of modalities of a normal brain MRI image[5].

1.2. Image Segmentation

Image segmentation is the process to assign labels to each pixel where the regions sharing the same charac-
teristic or having identical semantic meaning for the given problem will be given the same label. Two subdi-
visions of image segmentation task are semantic segmentation and instance segmentation, respectively. The
former one classifies the pixels to the same categories while the later one provides more sophisticated results
in terms of classifying multiple objects of the same class. In medical image segmentation tasks, we mainly
focus on semantic segmentation. Clear segmentation and distinguishable regions are essential for further
analysis as they involve the determination of homogeneity levels of texture or layer thickness, as shown in
Figure 1.2. Conventionally, the gold standard of medical image segmentation is the manual delineation cre-
ated by clinical experts. However, manual segmentation is quite time-consuming and requires specialized
knowledge on certain domains, leading to high human labour cost. Moreover, labelling process is subjective
and error-prone. Different experts may give different results based on their level of knowledge and experi-

ence, resulting in a high variance segmentation results.

An alternative method is automatic image segmentation. Classical approaches are dominated by graph the-
ory based(normalized cut[32], graph cut[12], etc.) and clustering based methods(K-means[24], watershed
segmentations[34], etc.). However, the results of such classical machine learning based methods depends
on the quality of artificial feature engineering and introduce many additional constraints, which limits the
efficiency. Recently, with the soaring computation capability of hardware like CPU and GPU, one branch
of machine learning study, Deep Neural Network (DNN), has shown its incredible generalization ability and
outstanding performance in various fields. Because of its supremacy of modeling complex nonlinear rela-
tionships between variables compared to conventional algorithms, DNN dominates the applications in com-
puter vision field. Medical image segmentation is also one sub-field which benefits a lot from this advanced
technique.

1.3. Problem Statement

The diagnosis of low grade glioma usually requires longitudinal analysis for the evaluation of development of
normal tissues and tumors over time. Since the morphological changes of tumor are interacting with other
normal tissues, separately segmenting each target and then combining them together to build up a whole
brain segmentation would be inefficient and bias-prone. On the other hand, it is assumed that the status of
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Figure 1.2: A 3D MRI image of brain from three orthogonal directions. The upper row is raw image, and the bottom row is semantic
segmented results. Different colors represent distinct tissues[19].

brain tissues should keep stable within a short time period since the growth rate of low grade glioma is very
slow. Concerning these two reasons, a longitudinal, multi-target segmentation method is desired to be de-

veloped for better brain segmentation results.

Multi-target segmentation has been widely used in image segmentation field and proven to be effective. The
main goal of this research is to examine whether the cerebral longitudinal information is helpful to improve
the semantic segmentation of MRI brain in terms of both accuracy and consistency. The dataset used in this
project is a series of chronological MRI brain images of low grade glioma patients. Every patient has several
MRI scans and experienced one or more times brain operation to remove the tumor. The segmentation masks
are generated automatically by HD-GLIO[4] and FAST[40], instead of "golden standard" manual delineation
from experts. Therefore, they maybe not that close to the real ground truth and probably contain artefact
errors. As a result of utilizing these masks as training labels, the approximation to masks could reveal the
capability of model but may not necessarily lead to the conclusion that the prediction is close to the ground
truth. Compared to creating a powerful model to optimally mimic the fake mask examples, we are more in-
terested in a result that can better approach truth. In other words, the difference between masks and model
prediction is not always a bad thing since it is possible for the incorporated longitudinal information to re-
move the unreasonable errors existing in masks. The judgement of whether prediction is better than mask,
however, can only be conducted by professional experts and will not discussed in this thesis. As stated before,
the reason to take longitudinal information into consideration as a constraint of creating models is based on
the fact that brain tissues should keep consistent over time. Therefore, conventional accuracy-only metric
is not enough to evaluate the model’s performance. We need more metrics which can reflect the temporal
consistency level of segmentation, as a supplement of evaluation on the approximation to truth.
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The research goal can be transferred into answering the following sub-questions:
* How to design longitudinal multi-target segmentation model with limited memory usage?
¢ How to evaluate the segmentation consistency?
¢ Can longitudinal information help improve segmentation accuracy of each target region?

¢ Can longitudinal information help improve segmentation consistency of each target region?

1.4. Thesis Overview

The thesis is composed of five themed chapters. Chapter 2 presents the historical work done in medical
image segmentation field, which includes both CNN based and combined CNN and RNN approaches. The
third chapter is concerned with the methodology and experiments setup used for this study. In particular,
three different created 4D segmentation networks will be illustrated after the explanation of several 3D CNN
variants. The experiment conditions are introduced in details as well. In chapter 4, results derived from
multiple experiments are provided and the analysis of capabilities and performance of the proposed models
is conducted. Finally, the findings, conclusions and future work will be discussed in chapter 5.



Related Work

As mentioned in last chapter, medical image segmentation is a fundamental but important step for further di-
agnosis. Numerous deep learning models have been developed in recent years in hope of obtaining accurate
segmenting results. Since DNN is a kind of general method, the scope of the literature review was expanded
to all types of the medical image segmentation problem, instead of being limited to MRI brain image, with
a special focus on consistent segmentation solutions. In previous work, enforcing the segment consistency
can be achieved by integrating segmentation with traditional algorithms, or incorporating RNN into CNN
backbone. This chapter will give a gross introduction to both strategies.

2.1. Deep Learning Incorporated with Traditional Methods

2.1.1. Image Registration

Image registration is the process to align several images to an identical coordinate system by finding an opti-
mal spatial transformation. Given a couple of images, one of them is treated as a fixed image, and the others
are moving images(target images). By iteratively compare the moving images to the fixed image, optimal fea-
ture correspondence is expected to obtained under certain similarity measurement. If the target images are in
a time series, some temporal feature relationship in neighbouring images would be built up. This technology
can be combined with segmentation either to improve the latter’s performance or optimize simultaneously.
According to the role played by image registration, the integration of segmentation and registration can be
classified into three types: 1. registration based segmentation; 2. registration as preprocessing of segmenta-
tion; 3. fused segmentation and registration.

Registration Based Segmentation Given an atlases image and corresponding segmentation labels, target
images are aligned with atlas by registration, and labels are estimated by the label fusion of warped atlas.
Consequently, the segmentation relies more on prior knowledge from atlases but less on training, with more
smoothness constraints applied. Hu et al.(2018) proposed a label-driven correspondence learning frame-
work, achieving label propagation by warping a generated dense displacement field with available labels of
moving images to match their corresponding counterparts in the fixed image [22]. Liang et al.(2019) created
a CompareNet consisting of a classification subnet, a features embedding layer and a label fusion subnet[27],
as shown in Figure 2.1. First, a warped atlas images is generated to feed classification subnet for predicting a
unary potential of segmentation. The feature embedding layer embeds deep features of the target and atlas

image for the label fusion sub-net to produce a pairwise potential of segmentation, and the final segmenta-
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tion is the weighted sum of unary and pairwise results.

CompareNet

Warped Atlas
Label L(X)

Atlas Label

Registration

Weight Sum ﬁ
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Figure 2.1: Overview of CompareNet. The atlas image and label are aligned to the target image T before CompareNet[27].

Registration as Preprocessing of Segmentation This approach takes advantage of image registration tech-
nique to generate the prior information as the input of deep network while the training pipeline is indepen-
dent from atlas images in the following stages. For instance, Wu et al. (2019) [35] proposed a joint multi-atlas
guided 3D+2D hybrid network to better learn the boundary features, as shown in Figure 2.2. The preprocess-
ing comprises histogram matching, affine registration and large deformation diffeomorphic metric mapping
(LDDMM). The 3D patches together with preprocessed atlas patches are introduced into 3D multi-atlas net-
work as prior information to produce structure-specific 2D probability maps in three orthogonal views; then
a 2D attention U-Net takes the 2D slice from each view respectively to generate final segmentation results.
Vandewinckele et al.(2019) integrated deformable image registration(DIR) and CNN for the longitudinal CT
scans segmentation[33]. The previous CT scans and corresponding segmentation are aligned to current scans
and segmentation prediction to yield deformed images and deformed segmentation. These generations with
current scans and segmentation are used as the input of a four-layers CNN, which predicts the final segmen-
tation of current scans.

Preprocessing Training flow Testing flow b

I ‘ N _I
Hlstngram
Afing + LBDMM T ..
— 1 ' ] Slicing
TargeuTesting f m 3D MF-net ] "l\\
images - i

’ H i . . Target labels

i

Images Probability
maps

\ K most similar |
- atlas patches -

lil 1
m

ll]
Transformed

segmentation
template images, Images. Prnhahlllty

= ‘ map
Probability maps

Figure 2.2: Illustration of the joint 3D+2D segmentation pipeline[35].

Fused Segmentation and Registration The final integration type tries to optimize the registration and seg-
mentation jointly. In this way, image registration results could benefit from segmentation mutually. In often
cases, the co-training of two parts is achieved by introducing joint loss function. A typical example is Deep-

Atlas, proposed by Xu et al.(2019), which consists of a weakly-supervised registration learning and a semi-
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supervised segmentation learning[37], as shown in Figure 2.3. The registration net takes moving images and
target images as input to yield displacement field, which is supervised by a regularization loss, and warped
moving images, that are supervised by the intensity similarity loss. Segmentation net takes the same inputs
but generates moving segmentation and target segmentation, supervised by segmentation loss. The moving
segmentation is warped with the displacement field from registration net to produce a warped moving seg-
mentation and penalized by the anatomy similarity loss. These four loss functions are jointly optimized to
realize the co-learning of registration and segmentation. Li et al.(2019) also proposed a jointly training hybrid
network for the longitudinal consistency analysis[26], where the improvement of registration and segmenta-
tion is achieved by training a single CNN supervised by four optimization goals simultaneously: segmentation
accuracy, similarity between registered images, deformation field smoothness and segmentation consistency.

Moving Segmentation S,

“Mannal )
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Figure 2.3: Workflow of DeepAtlas for joint learning of weakly supervised registration and semisupervised segmentation[37].

2.1.2. Conditional Random Field (CRF)

Conditional random field is a powerful probabilistic model used in image segmentation field. The key idea
behind CREF is to formulate the segmentation problem as the spatially and temporally neighbouring label
probability inference problem. CRF can be applied directly for segmentation like in [10], where a 4D CRF
non-parametric growth model incorporating growth and inclusion constraints is proposed to obtain brain
tumour segmentations and detect tumor regrowth in longitudinal sequences; or, in more cases, combined
with deep network to refine the segmentation results. The framework of this work is presented in Figure 2.4.
Deeplab[14] is a famous model which incorporates CRF into the final layer of a CNN as a postprocessing part
to fine tune the boundary localization segmentation. Zheng et al. (2015) improved the combination strategy
by implementing the CRF as recurrent neural network, which will be talked in next chapter, plugged in as a
part of CNN[41]. However, both of these two models are used for semantic segmentation of natural image.

2.2. CNN Combined with RNN

Recurrent Neural Network(RNN) is known as its specialization at dealing with sequential data. Taking ad-
vantage of this property to enhance the segmentation consistency and smoothness has been investigated by
many researchers. Chen et al.(2016) connect the RNN structure at the out of U-Nets to leverage 3D image
anisotropism[13]. They proposed a kU-Net structure as the backbone to extract feature map from original
image. kU-Net is a successive connection of submodules of FCN where each submodule take a down-scaled
image after max pooling as input, i.e., the k-th submodule has an input after k-1 times max pooling while the
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Figure 2.4: Overview of a 4D CRF as a Nonparametric Growth Model (NPGM)[10].

first one has the original resolution.The k value is chosen as 2 in the papar. The propagation of information
between modules is achieved by fusing the the output from previous U-net into next one as input. The out-
puts of kU-Nets are extended to a stacked bidirectional ConvLSTM network. Like the FCN structure, some
operations such as convolution, pooling and deconvolution are used between BiLSTM layers to configure
"deep" architecture. The proposed network is shown in Figure 2.5.

Slice z-p —»| kU-Net | = |====-- > —
E Segmentation
BDC- BDC-
Slicez —»| kU-Net |+ Lsﬁw ------ , LST?W —»|  Probability
E Map
Slice z+P—»| kU-Net |-»{  |------ > —

Figure 2.5: The framework of back-connected LSTM proposed by Chen et al. BDC-LSTM refers to bi-directional convolutional LSTM[13].

Apart from connecting the RNN at the end of CNN network, the combination can also take place within the
body of CNN backbone. Poudel et al.(2016) [30] place the RNN component at the bottom of U-Net backbone
when doing sequential cardiac segmentation since they thought the end of contraction path is equipped with
the most compressed global context. The RNN unit they chosen is GRU for sake of less computation load.
Azad et al.(2019) [11] used BiLSTMs at each skip connection, for each head of BiLSTM receiving the copied
feature map from encoding path and up-sampled feature map from decoding path, respectively, as shown
in Figure 2.6. In this way, the local and global spatial information could be better fused than a simple skip
connection. Apart from than, they introduced a dense connection at the bottom of U-Net to learn a diverse
of feature set more efficiently, which idea is analogous to layers in DenseNet[23]. However, this architecture
can only improve the segmentation quality for single 2D slice.

Novikov et al.(2018) combined the middle-connected and back-connected strategy together for segmenting
vertebrae and liver in 3D CT scans [29]. Two groups of Bi-Conv LSTMs are placed at the bottom and after the



2.2. CNN Combined with RNN 9

64 64 64 64 64

S —— | A
1t

128 128 128
‘»ﬂ» ---------------------------- »m
1t

s § 256 256

256 _256 2
M- .NI] .
v y u
1t L 4

Max pool 2¥2
568 512 sn 512 512 512 5: 512 512

12
+ Up-Conv 2*2, BN
ishgsgd s o
1 2 3 N

Figure 2.6: Architecture of BCDU-Net with bi-directional ConvLSTM in the skip connections and densely connected convolution[11].

output of U-Net backbone, respectively. The middle connected one is designed for adding explicit depen-
dency of the low-dimensional high abstract features whilst the back connected one for the high-dimensional
high-abstract features. With only 3 slices per sequence as input, this method can achieve comparable or even
superior performance with strong generalization capacity compared to other state-of-the-art proposals. In
semantic video frame segmentation field, the fusion of FCN and RNN is also a common method. The training
framework is shown in Figure 2.7
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Figure 2.7: The framework of 3D sequential segmentation network proposed by Novikov et al[29].

Gao et al.(2018) proposed a fully convolutional structured LSTM Networks(FCSLSTMs) by integrating FCN
layers into ConvLSTMs [18]. Starting from the ConvLSTM, the authors replaced convolution operator at each
gate by more complex operators. These operators come from a lightened FCN model modified from VGG-
16 structure where the number of feature map channels declines without sacrificing much accuracy. The
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convolution layers in this FCN are used as the complex operator in replacement of normal dot product at
each ’gate’ in stacked LSTM layer by layer, i.e. convl is added to the first layer of LSTM network and so on. In
this way, a structured network will be built up through stacking LSTM layers. The structure of FCSLSTMs is
shown in Figure 2.8.
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Figure 2.8: The overview of FCSLSTMs[18].



Methodology

Most existing work concentrates on segmenting either 2D or 3D image at each time step individually. In
fact, the development of brain tissues and glioma is considered to be gradual and in consistent chronologi-
cal order. Despite the spatial features relationship within an individual image, the constraints brought by this
temporal property give another prior estimation on the shape of interested region from previous morphologi-
cal characteristics. The main aim of this study is to investigate whether the longitudinal information will help
improve the 3D segmentation quality. In this chapter, the proposed 4D longitudinal segmentation models
will be illustrated, together with its building blocks. After that, the experiment setup will be introduced.

3.1. Baseline: 3D segmentation models

Before the appearance of 3D CNN, the 3D images are processed by 2D CNN slice by slice along a certain axis,
and then the results are concatenated together directly to reconstruct the 3D volume. Generally speaking,
this approach sacrifices the integrity of 3D information. In 2016, the proposal of 3D U-Net [16] and V-Net[28]
alleviated this trouble by using 3D convolutional manipulator as basic components of network. In this sec-
tion, a detailed description of original 3D U-Net and its variants is given, which will be used as the baselines
for the construction of 4D longitudinal models later.

3.1.1. Original 3D U-Net Architecture

3D U-Net, proposed by Ozgiin Cicek et al. in 2015, has been frequently considered as a standard baseline
in medical image segmentation problems due to its simple structure and effective performance. The model
comprises of three parts, an encoder path, a bridge and a decoder path. The encoder path is a series of
3 x 3 x 3 convolution blocks and max pooling operators with stride of two to narrow down the feature map
size, meanwhile increasing feature map channels and the scope of receptive field. A batch normalization
layer(BN), which normalizes the data distribution to speed up calculation, as well as a rectified linear func-
tion(ReLU) used for introducing nonlinearity are included in convolution blocks. In the contrast, the decoder
path is a series of 3 x 3 x 3 convolution blocks with transposed convolution operator with stride of two to re-
cover feature map size and decrease feature channels. The bridge at the end of encoder path consists of only
convolution blocks with stride of one, which is responsible for connecting above two opposite process. At
each convolution level, an identical mapping concatenates the convolution blocks from encoder to decoder
to fuse the extracted features with recovered features. This manipulation is proven to be effective at increas-
ing the segmentation accuracy. At the end of decoder, a 1 x 1 x 1 convolution layer and a sigmoid activation

11
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layer is used to project the multichannel feature maps into the desired segmentation. The architecture of the

original 3D U-Net is shown in Figure 3.6.
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Figure 3.1: Original 3D U-Net structure. Retrieved from Ozgiin Cigek et al[16].

In this project, the original 3D U-Net was adopted as the basic model for evaluation. The detailed param-

eters of each component are presented in Table 3.1.
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Table 3.1: Parameters of 3D U-Net baseline
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Conv 1 3x3x3/16 1

Level 1 Conv 2 3x3x3/16 1
Maxpooling 1 2

Conv 3 3x3x3/32 1

Encoder Level 2 Conv 4 3x3x3/32 1
Maxpooling 2 2

Conv 5 3x3x3/64 1

Level 3 Conv 6 3x3x3/64 1
Maxpooling 3 2
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Trans Conv 3x3x3/32 2

Level 1 Conv 13 3x3x3/16 1

Conv 14 3x3x3/16 1

Output Conv 15 1x1x1/5 1
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3.1.2. 3D Res U-Net

The depth of network was considered as an important factor influencing the feature expression and extrac-
tion. However, with increasingly stacked layers, the vanishing of gradient during propagation becomes se-
vere, resulting in degraded performance of network. To alleviate this problem, He et al. proposed the deep
residual learning framework[21]. The main idea of this work is to perform identity mapping from the inputs
to the outputs of stacked layers by shortcut connections skipping one or more layers, resulting in a residual
block. The output of each layer is no longer the traditional mapping of input but the summation of input and
the mapping. If the dimensions of mapping and input are different, a linear mapping of input will be applied
to match the dimension before summation. This residual connection can be expressed mathematically in the
following equation:

y=F W, x)+ 5 (x) (3.1

where & represents any nonlinear activation function and .# is identical mapping. In this project, the
residual connection concept was applied to basic 3D U-Net for creating a 3D Res U-Net network, as shown
in Figure 3.2. There are three major different points in 3D Res U-Net compared to 3D U-Net: 1. All the
convolution blocks are replaced by residual blocks. 2. Instead of using Max Pooling, 3x3x3 convolution with
stride size of 2 is used to downsize the feature maps in encoder. 3. Transpose convolution is replaced by the
interpolation up-sampling algorithm to reduce the parameter amount.
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Figure 3.2: 3D Res U-Net structure.

3.1.3. 3D Dilation Res U-Net

A pooling layer, either Average Pooling or Max Pooling, is used for reducing resolution and enlarging the re-
ceptive field to integrate global contextual information. However, detailed local information will loss during
successive pooling, which hinders the full-resolution dense prediction as segmentation output. Dilated con-
volution was proposed by Fisher et al. in 2016 to solve this problem [38]. Traditional convolution can be seen
as the dilated convolution with dilation factor of 1. With exponentially increased dilation factor(l, 2, 4, ...),
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the receptive field of an element in layer F; is (2! — 1) x (2/*1 — 1), for i = 0,1,..., if the filter size is 3 x 3 [38],
as shown in 3.3. This dilation convolution can be stacked in parallel to aggregate multi-scale contextual in-
formation. Inspired by the work of Feng et al., the 3D dilation convolution group (shown in Figure 3.4(a)) was
implemented at the bridge of 3D Res U-Net body to build up the 3D Dilation Res U-Net, as shown in Figure
3.4(b). The dilation part is split into four sub-paths, with increasing dilation factors.

(a) (b)

Figure 3.3: Dilation convolution with exponentially increased dilation factor. The receptive field in green color exponentially increases
accordingly(38].
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(a) Dilation Convolution net (b) Dilation convolution with exponentially increased dila-

tion factor [38]

Figure 3.4: 3D Dilation Res U-Net. The left image presents the dilation sub-network used at the bridge of Res U-Net. The right image
shows the overview architecture of 3D Dilation Res U-Net.

3.1.4. Direct Concat U-Net (DC U-Net)

The idea behind shortcut connection from down-sampling path to up-sampling path is to enforce the low
level information in feature maps to fuse with the high level information, so that more details of original im-
age can be restored during decoding. In lower convolutional layers, more feature location information are
kept with less convolution operator; while abstract global semantic features are extracted in higher layers. In
other words, the original input without convolution and activation should have the most local feature details.
Motivated by this theory, a simple modification was made on the basic 3D U-Net by concatenating the input
image at each level to the up-sampling path in addition to original shortcuts. To keep the mapping size equal
and the purity of raw information, only Max Pooling is applied before concatenation on each level to down-
scale the input size. The architecture of this slight modified network is shown in Figure 3.5.

The three U-Net variants are designed in purpose of evaluating how accurate an individual CNN network
can approach the segmentation mask reference. Moreover, they can be used as the backbone of longitudinal
models proposed in the following section. The comparison of performance between CNN models, as well as
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Figure 3.5: DC U-Net structure.

between CNNs and longitudinal models will be presented and discussed in the next chapter.

3.2. Proposed models: 4D longitudinal models

RNN is a type of Neural Network that allows previous outputs to serve as inputs in the next step while having
hidden states. Due to this property, it is usually considered as the optimal candidate to process sequential
data. The application of RNN in medical image segmentation is primarily combined with 2D CNN network
to process slices or feature maps, as discussed in last chapter. Previous work indicates that introducing RNN
framework appears to benefit the segmentation performance by incorporating the prior distribution knowl-
edge existing in neighbour slices. This method is referred to 2.5D segmentation. However, information flow
not only exists inside consecutive 2D slices, but also travels through temporal dimension. In the longitudinal
framework, a single 3D image volume serves as the input at each time point, which is referred to so-named
"4D segmentation". The focus of this project is attempting to utilize this temporal information to obtain a
more close-to-reality segmentation result.

In this chapter, the basics of Long Short Term Memory Network(LSTM) will be introduced first, which is one
of the most used RNN structure today due to its capability in solving gradient vanish or explosion problem
of standard RNN. Based on LSTM networks, three types of longitudinal segmentation network are proposed

and will be presented.

3.2.1. Long Short Term Memory Network

An individual LSTM unit consists of three gates: forget gate, input gate and output gate, and two states: cell
state and hidden state. The architecture of a LSTM unit is shown in Figure. In the following mathematical
expressions, & and ¢ denote hidden state and cell state, respectively; W and b represent the weight and bias
term, respectively.

¢ Cell state: the cell state maintains the filtered information along whole data flow.
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Figure 3.6: Overview of LSTM unit architecture. Figure adapted from [39].

¢ Hidden state: the hidden state provides the information from previous time step to next step.

» Forget gate: information from previous hidden state and present input will be activated by a sigmoid
function o to squash the value between 0 and 1 as the output of forget gate. This scaled value will be
multiplied with cell state from last time step to determine how much memory should be dropped off
from here. The smaller the value, the more discarded. Mathematical expression of forget gate at time ¢
is:

fi=0Wpphy + Weexe + by) 3.2)

¢ Input gate: input gate decides what new information should be stored in cell. As the manipulation in
forget gate, the inputs from previous and current will be scaled into 0 ~ 1 by sigmoid as the memory
volume controller. The larger the value, the more new information will be extracted. In a parallel path,
the two inputs are filtered by a tanh function and multiplied with memory volume controller simulta-
neously, leading to the new information which will be stored into cell state. Mathematical expression
of input gate at time ¢ is:
iy =0(Wiphi—1 + WixXx; + ;)
3.3)
Cr=tanh(Wg,phe—1 + We,xX¢ + be,)
After input gate and output gate, the cell state will be updated by dropping some old memory and
adding some new information, which is mathematically expressed as following:

Ct = free—1+1icCy (3.4)

¢ Output gate: the output gate functions as a controller to make a decision that what information stored
in current state will be transmitted into next unit. As before, sigmoid function is imposed on inputs to
generate a scaling factor and cell state is activated by a tanh function. The product of this two parts
defines the output of this unit, that is the current hidden state. Mathematically speaking:

0; =0 (Wophi—1+ Woxx; + by)
(3.5)
hy=ostanh(c;)
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ConvLSTM Most LSTMs, or generally speaking, RNNs, are designed for dealing with temporally sequential
data, like text and voice. To deal with spatial data, like image, convolution is more efficient than this type
of fully connected structure(FC-LSTM). Therefore, convolutional LSTM (ConvLSTM) is proposed to extend
capacity of traditional LSTM[36]. The primary advance in ConvLSTM is that the traditional inner products
of parameters in FC-LSTM are replaced by convolution operator. As a result, corresponding expressions are
modified into:

Jr=0Wppxhiy +Wpey* Xt + by)
ir=0(Wip* ey + Wiy * Xt + by)

(3.6)
Cr=tanh(Wg,p * hi_1 + We,x * X + bg,)

0 =0 Wyp * hy—1 + Wpyy * Xt + by)

LSTM networks In addition to various inner structure of LSTM unit, the connection scheme of network is
also a research topic. Since one-way LSTM usually cannot meet some complex requirements, some large
scale networks are therefore proposed. The most common architectures are stacked LSTM and bidirectional
LSTM, which are adopted as the network scheme in this project:

» Stacked LSTM: In deep learning, the simplest way to add depth of network is to stack layers. The
Stacked LSTM is an extension to a single-layer LSTM that has multiple hidden layers where each layer
contains multiple memory cells. The hidden state from previous layer will be the input to the next
layer. The temporal information flow in each layer do not have interaction. Figure 3.7 presents the
architecture of a M-layer stacked LSTM network with N time steps. ;" and ¢; refer to the hidden state
and cell state at time step ¢, of layer m, respectively, where n=0,1,2,..., Ny m=1,2,...,M
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Figure 3.7: Architecture of stacked LSTMs.

¢ Bidirectional LSTM (BiLSTM): Typical one directional LSTM only take advantage of previous inputs
and current input during processing, while for sequential input data future information may also be
useful for analyzing current context or prediction. Bidirectional LSTM, introduced by Schuster and
Paliwal(1997), can be trained using all available input information in the past and future of a specific
time frame by configuring a time forward LSTM layer and backward layer [31]. The input at each time
step will be given to both forward pass and backward pass. The architecture of a Bidirectional LSTM

network is shown in Figure3.8, where [] and [] indicates the direction of states. Other notifications
keep the same meaning as in stacked LSTMs.
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Figure 3.8: Architecture of stacked Bidirectional LSTMs.

3.2.2. Back-Connection longitudinal model

From the longitudinal viewpoint, the individual image within a series of chronological images is an input
unit of LSTM. In [13], Chen et al. took the processed slices at the input of LSTM network to achieve 2.5D
segmentation, where the output is a reconstructed 3D image from 2D slices. Inspired by this idea, the Back-
Connection longitudinal model can be created as a 4D segmentation paradigm. The 3D U-Net, or any other
3D CNN network is adapted as the backbone to process the input 3D image in chronological order, and then
the output layer of backbone is connected to 3D ConvLSTM networks in purpose of making communication
between consecutive time points, which functions like a post-processing to smooth the the segmentation re-
sults over time. The LSTM part can be either stacked ConvLSTM or Bidirectional ConvLSTM. The architecture
of Back-Connection longitudinal model is shown in Figure 3.9.
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Figure 3.9: Architecture of Back-Connection longitudinal network.



3.3. Experimental Settings 19

3.2.3. Intermediate-Connection longitudinal model

From existing work, the temporal information communication can take place among a certain layer of CNN
backbone as well[30]. Extended to a global longitudinal framework, 3D encoder-decoder networks are adopted
as backbones and the bridge components are replaced by LSTM units to connect them together. The idea be-
hind this manipulation is that the communication between high level features in bridge layers contain more
general morphology information which might contribute to the improvement of segmentation consistency
in a higher level. The architecture of Intermediate-Connection longitudinal network is presented in Figure
3.10.
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Figure 3.10: Architecture of Intermediate-Connection longitudinal network.

3.2.4. Shortcut-Connection longitudinal model

The shortcut connection between decoder and encoder path of U-Net is thought to help fuse the low level
feature and high level feature to increase the segmentation accuracy. It is therefore reasonable to hypothesise
the concatenation layers contain most abundant information of both sparse and dense features. To explore
whether this mixed feature map could increase the communication effectiveness, the LSTM unit is inserted
right after concatenation manipulation, that is, take the concatenated feature map as input of each LSTM unit
and feed the output to the rest of up-sampling path. At the same time, the output is transferred to other time
steps for the filtering of useful information. The insertion level and the number of insertion can be chosen
arbitrarily, depending on the convolution level of backbone and the capacity of hardware. The structure of
Shortcut-Connection longitudinal model is shown in Figure 3.11.

3.3. Experimental Settings

3.3.1. Dataset
The dataset used in this project is provided by Biomedical Image Group Rotterdam(BIGR) of Department of
Radiology and Nuclear Medicine at Erasmus Medical Center. There are 79 patients with low grade glioma in

total and each of them has multiple brain MRI scans, from at least 2 to at most 32 times. Due to the long
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Figure 3.11: Architecture of Shortcut-Connection longitudinal network

time period, some old MRI images are in low resolution or even not intact. The MRI image series of each
patient are co-registered in time dimension by Elastix[1] with only a rigid transformation. The time span of
MRI scans per patient is different, from as short as within 1 years to as long as 16 years. The dataset was
randomly divided into a training set and a testing set with the ratio of 9: 1, in which the training set contains
72 patients and testing set contains 7 patients. The testing set retains untouched until evaluating the well-
trained models to give final results. There might be zero, one or more times resections happened within this
period. Each MRI images contains four MRI sequences: T1-Weighted, T2-weighted, T2W-FLAIR and T1-W +
contrast images. The size of all the images in this dataset is 189 x 233 x 197 voxels. The segmentation targets
are background, CSE grey matter, white matter and glioma, labeled with number 0, 1, 2, 3 and 4 in masks,
respectively. The ground truth pixel-level marking masks used for training are generated in three stages.
First, normal tissues(WM, GM and CSF) are segmented by FAST, an automatic image registration software
based on a hidden Markov random field model and an associated Expectation-Maximization algorithm[40].
Second, tumor(TM) segmentation is obtained by HD-GLIO[4], a brain tumor segmentation tool developed
by Heidelberg University Hospital, Germany and the Division of Medical Image Computing at the German
Cancer Research Center (DKFZ) Heidelberg. Third, the mask of normal tissues and tumor are combined
together. In addition, a brain mask generated by skull-striped and background subtraction with HD-BET[3] is
provided under each patient folder to exclude background noises. Due to the long time span and unexpected
imaging artefacts during scanning, some samples may look a bit different from others, which results in the
inconsistent labeling. Moreover, since the masks are not generated from sophisticated delineation by experts,
unreasonable errors are unavoidable. These are two primary defects in our dataset. A typical example data is
presented in Figure 3.12.

3.3.2. Implementation Details

All the models were implemented in Pytorch framework[9] and trained with Adam optimizer[25] with initial

learning rate 0.001, which will reduce by a factor of 0.1 once learning stagnates for 15 epochs. All learn-



3.3. Experimental Settings 21

4

LiL

o

FLAIR

4

2

o

w
w

~

Mask

0

20030714 20070405 20100215 20100808 20110205 20120903

Figure 3.12: An example of patient data with 6 times MRI scans. The upper row is the FLAIR image modality and the lower row lists
corresponding masks. The scanning date at the bottom is recorded in format "yyyymmdd". There was a resection during 2003-07-14
and 2007-04-05. After that, glioma grows up gradually again. Two types of defects is presented in this example: 1. A probable magnetic
imaging artefact in 2007-04-05 results in inconsistent segmentations of tumor region compared to the following time points (marked by
red squares); 2. Due to the limited accuracy of FAST, an unreasonable shrink of White Matter mask(marked by color label 3) in terms of
area at time point 2011-02-06 can be noticed(marked by a red square).

able parameters, i.e., weights and biases of the models were initialized based on the Kaimin initialization
method[20]. In each epoch, the training set will be divided again into training and validation subset with the
ratio of 9: 1, illustrated in Figure 3.13. This is a kind of data shuffle strategy to increase the sampling random-
ness during training. To save computational resources and avoid overfitting, early stopping strategy is used.
The network will stop training if the evaluation metrics hasn't seen improvement for over 30 epochs. Data
augmentation, including flip, rotation, Gaussian noise and elastic deformation, are applied to improve the
generalization and avoid overfitting as well. The experiments are performed on Cartesius, the Dutch national
supercomputer[6]. In GPU partition, each node is equipped with two NVIDIA Tesla K40m GPUs. To accel-
erate the training process and make more room for the gradients calculation on graph, distributed training
strategy by splitting the input data batch into equally half size for each GPU is adopted. Training of CNN
networks costs about 10 hours and longitudinal networks require at least 20 hours.

Different from normal 2D images, a major concern of 3D model training is the large memory cost. To fit the
capacity of GPU, 64 x 64 x 64 fixed-size cropped patches from original images are used for a mini-batch input
as basic experimental condition, rather than the whole image. Another special point in this research is the
input sampling strategy used for 3D and 4D models. Usually we shuffle the training data randomly to obtain
amore generalized model, but in this project, the images are intra-subject, so a direct shuffle across subjects
with random batch sampling will destroy the hierarchical data structure. Instead, the training and testing
batch is selected based on patient unit.

Input for 3D models: The batch size used for training 3D models is set to 8, which means in each epoch 8
patients will be randomly chosen with a random time point MRI scan. The input dimension is hence N x C x
D x H x W, where N refers to batch size(patient number), C is the number of modality types, in this case the
value is 4. D, H, W are image depth, height and width of cropped patch, respectively. The patch crop of each
image is randomly located.

Input for 4D models: The batch size used for training 4D models is set to 4, with at least 3 successive im-
ages are selected per patient. The cropped patch size is kept to be 64 , subject to memory restrictions of the
GPU hardware. The MRI image series of each patient are sorted beforehand according to capturing time to
ensure that the successive selection is in forward longitudinal order. As a result, the input tensor should be

NxTxCxDx HxW,where T is the time points and other notations are in consistent as before. The starting
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Figure 3.13: Illustration of dateset splitting strategy. 10% of the whole dataset is reserved as testing data and the rest is used in training
phase(termed as training set in figure). In each epoch, random 10 % of training set is selected for validation.

time point of successive images is randomly selected in each epoch. The cropping location throughout all
time points of the same patient is identical, while alters in different subjects. Compared to white matter, grey
matter and CSE the volume of glioma is quite small, which results in a low chance for a randomly-cropped
patch to contain tumors region. To ease this trouble, the crop strategy is adjusted to increase the proportion
of tumour-contained patch in the whole training phase. Worth to note, too high proportion will increase the
bias to segment the tumor in testing phase. By evaluating several values, the threshold is empirically chosen
to be 40%, which means at least 40% patches in each epoch definitely contain tumors while the others are
randomly cropped, with a little probability to have tumour. A example segmentation results under different
thresholds is presented in Figure 3.14.

input mask 25% 40% 50% 75%

Figure 3.14: Segmentation results by 4D model under different proportions of tumor patches in a training epoch. If the threshold is less
than 40%, tumor will be underestimated while overestimated if higher than 40%.

Before training of the longitudinal models, some preliminary experiments were conducted on the pure LSTM
networks with single and bidirectional architecture (see Appendix A). The results show that the bidirectional
ConvLSTMs with single layer provide better results than one-way stacked LSTMs, and repeating more stacked
bidirectional layers does not necessarily improve the training effects but increases the memory cost. Thus,
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the LSTMs component used in this project is one-layer bidirectional ConvLSTM network.

3.3.3. Pretraining strategy of longitudinal model

Although all the CNN networks are trained from scratch with identical parameters combination, the training
strategy of 4D longitudinal models are different from each other. From preliminary experiments, training
from scratch is not the optimal choice for 4D models. There are two major drawbacks of this strategy: 1.
the parameter amount of longitudinal model increases linearly with the number of input time points, so a
large amount of learnable parameters demands more GPU resources and required longer time to converge;
2. all three types of longitudinal networks failed to detect tumour in a series of input images, see figures in Ap-
pendix B. This phenomenon may attribute to the inconsistent size, morphology and location of glioma across
time dimension. If the tumor information in last time step cannot help the segmentation in the following
steps, the forget gate in LSTM will judge it as useless context and close corresponding weights response. To
conquer these troubles, 4D networks are trained with pretrained weights learned from 3D network backbone.
For back-connection model, all the parameters on CNN backbone are frozen after loading pretrained weights,
leaving only convolution kernels in LSTM networks available for training. In the intermediate-connection
model, not only LSTMs at bridge as the connection between backbones can be trained, the decoder path is
also freed out to take part in the back propagation of gradients. The training of shortcut-connection network
adapts similar strategy to intermediate connected model, no matter how many layers of shortcuts are con-
nected by LSTMs.

The usage of partial pretrained weights on the same dataset will take an role of unusual regularization: it can
introduce the bias towards configurations of the parameter space that are beneficial to longitudinal training
by setting up a particular initialization point. Since the weights are obtained by well-trained CNN backbones,
this particular initialization point imposes an implicit constraint on the weights where it indicates which
minima of the cost function are allowed to reach(17]. Consequently, the convergence of 4D model will be
faster with a lower possibility of divergence. On the other hand, the more trainable parameters we have, the
computation resources is required. By freezing most pretrained parameters of backbone during training 4D
model, we could save memory for increasing input batch size, patch size or time-point number.

3.3.4. Evaluation Metrics

As mentioned in Chapter 1, the question to be answered in this project is the feasibility of longitudinal model
in terms of improving the segmentation accuracy and consistency compared to CNN models. Therefore, the
evaluation of models should take both accuracy and consistency into consideration.

Accuracy Metrics

The segmentation accuracy can be evaluated based on either spatial overlap or boundary curve(surface in
3D) distance between the predicted and the ground truth, which are referred to area-based and distance-
based metrics, respectively. The most representative area-based metrics in segmentation is Dice Similarity
Coefficient(DSC), which calculates the ratio of the overlap between ground truth and prediction to the union
of them. In 3D cases, the area is adapted accordingly to volume. The mathematical expression of DSC is:

| Vground truth N Vpredicted |

DSC=2 (3.7

|Veroundtruth! ¥ Vpredicteal

Hausdorff Distance(HD) and Average symmetric surface distance(ASD) are two classical distance-based met-

rics. HD is defined as the maximum distance of a set to the nearest point in the other set[2], which measures
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the mutual proximity of two sets. The HD from set A to set B is:
6 n(A, B) =maxmin|la—- bl (3.8)
a€A beB

Since in most cases, the number of points in the two sets are different, which results in the asymmetric prop-
erty of HD. That is, § (A, B) is not equal to (B, A). Therefore, a general definition to measure the HD
between set A and B is:

81 (A B) =max(b (A B),6u(A B) 3.9)

Unlike HD measures the maximum distance, ASD provides an average distance measurement between two
sets. It calculates the average of all the distances from points on the boundary of prediction(Bp) to the bound-
ary of ground truth Bp and from points on Bg to Bp:

1

ASD= ———
|Bp| +|Bgl|

x (ersp d(x, BG) + Lyep; Ay, Bp)) (3.10)

Consistency Metrics

Normal brain tissues are assumed to be relatively stable in terms of volume and shape in a mature brain, while
glioma will grow slowly over time, which might lead to corresponding changes in other tissue. A straightfor-
ward measurement with regard to consistency is the smoothness of volume development of normal tissues
along the time dimension. In the ideal case, the development of normal tissue volume before and after re-
section should be smooth. Right after the operation, the volume of glioma will see a sharp drop and CSF will
increase suddenly in comparable volume. During the growth of glioma, normal tissues should experience
extrusion or tissue transformation, leading to a slight decline of their volumes. However, it is tricky to evalu-
ate this type of smoothness. The standard deviation (o) can reflect the stability of volume development with
regard to a mean value, but the development trend of volume is ignored. For instance, if the volume of tissue
is gradually decreasing, the o would be the half of difference between volume at the ending and at the begin-
ning. The development trend can be extremely smooth in fact but o may give a high value indicating a large
uncertainty. Therefore, the volume size development is not a fair metric to evaluation the overall smoothness
of development.

Hereby we propose a more robust and reasonable consistency metric, Tissue Transformation Rate(TTR) and
Tissue Maintaining Rate(TMR). In common cases, the normal tissue in the mature cerebral should keep sta-
ble and unchanged. If lesions happen, some normal tissues will transformed to tumor gradually. For glioma,
this type of transformation is even slow. Tissue transformation rate describe the proportion of a certain type
of tissue transformed into another type from last time to next time. On the contrary, tissue maintaining rate
represents how many tissues maintain itself from time to time. We could therefore expect a consistent seg-
mentation over time to have most normal tissues staying unchanged over time, i.e. a high tissue maintaining
rate, and the tissue transformation to happen as little as possible, i.e. a low tissue transformation rate. The
average TTR and TMR across all scans of each patient can be formulated as following:

1 T-1
TTR;j=—— ) F ! (3.11)
T-1 t=0 Y
LT
TMR;; = —— y Fi ™! (3.12)
T-1:%
sviv/
prrt - 2ol (3.13)
Zv;

where A and B are different tissue labels. F{f”l

from time £ to ¢+ 1. vi is the indicator function defined to be 1 if the voxel is labeled with i at time ¢ while,

refers the transformation rate from tissue i to tissue j,
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and 0 otherwise. T is the total MRI scans of a patient. Our expectation is to make TMR as high as possible and
TTR as low as possible over all scans of a patient. The consistency evaluation could only take place on normal
tissues, i.e. WM, GM and CSE because development of tumor is not consistent anymore if operation happen-
ing occasionally. Although we cannot evaluate a smoothness of tumor segmentation over time, we should
expect a much lower Fﬁ/f}}w if any resection happens, for the judgement of a reasonable segmentation be-
tween time points. Since we use the proportion of volume as the attribute, TMR and TTR are more robust
than tissue volume development which takes the absolute volume for evaluation. Even when operation takes
place or tumor is growing, we can always expect a relatively stable proportion of changed volume. As a result,
the curve of TMR of normal tissues over time should have a high mean value and a low standard deviation.
Another benefit to use these metrics is that it reveals the temporal changes of local tissues instead of mere
tissue volume. The individual tissue distribution may differ from time point to time point seriously but their
volume remains unchanged. Definitely in this case tissues are inconsistent but volume development metric
will give a fake perfect smooth measurement. Because there are four targets in addition to background in our
dataset, 25 possible transformation may happen. The best tool we can think of to visualize the different tissue
conversions from last time to the next time is the transition matrix heatmap.

Regardless of using accuracy metrics or consistency metrics, the final goal is to evaluate if the model could
achieve a more realistic result. From this perspective, a higher accuracy value cannot support the claim that
the result approaches the ground truth better since the training masks are just estimations of truth. However,
higher accuracy metric can be an indicator that the model’s capacity to fit the artefact labels is advanced. We
expect an idea model to have strong fitting ability while realize a more consistent, i.e. a more realistic seg-
mentation. Apparently, there is no benchmark to evaluate how high the TMR is could the result be defined
as consistent, so this metric is a relative metric between models. Due to the imperfect dataset, it is probably
that even the training masks cannot meet the consistency criteria. In this case, a prominent different be-
tween model’s prediction and mask is probably not a negative result, but the most authoritative judgement
on whether prediction is better or not is always determined by the experts.

3.3.5. Loss Function

The loss function used for training in this project is Dice loss, which is a popular choice among practitioners.
The mathematical form of Dice loss in binary segmentation can be modified from DSC as following:
- 2Yiex ViYi
Lpice(y,7)=1-DSC=1- —————"—— (3.14)
feel Vo) YiexVi+Liex Vi
where j € [0, 1] is a continuous value, referring to the predicted probability, and y is the truth voxel label with
binary values 0 and 1.

3.4. Experiment workflow

Within multiple CNN backbones and multiple longitudinal architectures, we would like to find out the opti-
mal 4D networks and test it on our dataset. This process can be hierarchical. First, the preliminary experi-
ments are conducted to choose optimal ConvLSTM component. Second, U-Net variants are evaluated with
regard to the segmentation accuracy to select the most powerful backbone. Third, taking one of U-Net back-
bone to construct the three longitudinal networks and evaluate their accuracy performance, in purpose of
finding the optimal 4D architecture. This step can be carried out together with step two, since we assume the
effect of longitudinal information is independent of similar U-Net backbone types but concerns primarily
with different connection strategies. Finally, the optimal CNN backbone is combined with best longitudinal

architecture to create the final 4D longitudinal network. The evaluation of longitudinal model is a relative
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comparison with its backbone CNN and masks to explore if the temporal information is in favour of improv-
ing accuracy as well as consistency. The whole workflow is illustrated in diagram3.15.

Preliminary experiment on ConvLSTM
networks to select the optimal RNN
components

Accuracy test on 4D
Accuracy test on U-Net networks with optimal RNN
variants to select the best component to select the
CNN backbone best longitudinal
architecture

Final 4D longitudinal model based
on optimal longitudinal
architecture and best CNN
backbone

Evaluate the final longitudinal
model in comparison to its
CNN backbone and masks

Figure 3.15: The experiment workflow of this project.



Results and Analysis

4.1. Results

All the models are tested on the testing dataset, which keeps untouched during training. Since the back
propagation of network is deactivated when testing, the GPU memory is freed out. Therefore, instead of
cropping out a patch to feed the model and stitching the predicted output up, a whole image is used as the
input for testing. For CNN models, the batch size is 1 with 1 time-point, i.e. 1 image each time; for 4D models,
the batch size is 1 as well, but the time-point can be any value as long as within the GPU capability. Here the
time-point is maintained to be equal to the value used during training.

4.1.1. Results of accuracy

Optimal CNN backbone selection

The accuracy evaluation based on DSC, ASD and HD of CNN models across 7 testing patients are presented
in Figure 4.1. Looking at DSC boxplot, we could note that compared to baseline, the introduce of residual
connection boosts Dice score on tumor segmentation significantly and slightly on WM, but meanwhile, the
performance on other two normal tissues drops down a little. Surprisingly, replacing the bridge of 3D Res
U-Net by the dilation convolution does not see positive effects on Dice coefficient for all the targets. The
3D DCU-Net improves the tumor segmentation accuracy to a degree while maintaining the performance on
other normal tissues at the same time. Since the tumor is the most difficult target to be segmented due to
its small and dramatically changing size and location, the variance of its DSC is consequently largest. With
regard to ASD, all U-Net variants improve performance on CSF and tumor segmentation. 3D DC U-Net out-
performs the other two variants on normal tissues but achieves worse score on tumor. Under the evaluation
of HD, U-Net variants don't have apparent advantage when compared to the baseline on normal tissues, but
they all perform better on tumor segmentation. It is hard to say which network absolutely outperforms oth-
ers because under different metrics, every model may have advantages. However, it is apparent that residual
connection do help improve tumor segmentation, for 3D Res U-Net always providing the best result on this
target across all the metrics. The proposed 3D DC U-Net also strengthens the capability of segmenting small
targets like tumor, although the result is less good as residual connection module. Nevertheless,its segmen-
tation quality on normal tissues is better than Res U-Net as well as DRes U-Net, and almost equally good as
baseline. That means the "hard-code" concatenation from pooled raw input image indeed contains more
detailed location information benefiting the segmentation of small targets.

27
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Figure 4.1: From up to down presents the three accuracy metrics for 4 CNN model variations. The model variants are list on the x-axis,
and the metric value is on y-axis. For distance-based metrics, the results of normal tissues are separated from glioma since the value
scale of tumor is much larger than other tissues. Different face colors of boxes represents different target regions. The horizontal line

across each box is the median value and the green triangle is the mean value. The gray dots outside the maximum and minimum
boundary caps are extreme values. For two distance-based metrics, since the scale of results of tumor is largely different from normal
tissues, their boxplots are separately shown.
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To investigate how good the CNN model is able to perform on the segmentation accuracy, I choose the best
three networks, U-Net baseline, Res U-Net and DC U-Net, to compare them with different block channel
numbers and cropped input patch sizes. The results (see Table 4.1) shows that increasing the number of
convolution channels in blocks has no difference in performance of DSC for all variants, but utilizing larger
image patch as input results better outcomes than small patch size. However, larger patch size costs more
GPU memory.

Table 4.1: The table shows the mean DSC of different experiment setup of CNN variants on testing data

Methods (base channels / patch size) = CSF GM WM ™

U-Net (16 / 64) 0.772 0.658 0.792 0.436
U-Net (32 / 64) 0.764 0.663 0.789 0.442
U-Net (16 /128) 0.798 0.695 0.825 0.694
Res U-Net (16 / 64) 0.710 0.625 0.801 0.647
Res U-Net (32 / 64) 0.721 0.618 0.795 0.672
Res U-Net (16 /128) 0.724 0.669 0.819 0.705
DC U-Net (16 / 64) 0.788 0.648 0.792 0.580
DC U-Net (32 / 64) 0.770 0.651 0.810 0.611
DC U-Net (16 / 128) 0.805 0.702 0.820 0.747

These results indicate that the 3D DC U-Net presents the best overall performance with regard to the seg-
mentation accuracy if the patch size is large enough. In basic condition where 64 x 64 x 64, the performance
of 3D DC U-Net and 3D Res U-Net is comparable.

] CSF
1 GM
0 WM
™

T LT
s e

Score

Back-Connection Intermediate-Connection Shortcut-Connection

Figure 4.2: The accuracy results for different 4D longitudinal model structures, taking 3D U-Net as example backbone.

Optimal longitudinal architecture selection

Any U-Net variants introduced before can be used as the backbone of longitudinal models, but we assume
that the additional effects brought by longitudinal connection are independent on the type of backbone.
Since the focus of this section is on the comparison between different 4D architectures, the simplest 3D U-Net
backbone is taken as an example. As introduced in previous chapter, the RNN architecture used in longitu-
dinal networks is 1-layer bidirectional LSTM based on preliminary experimental results. Figure 4.2 presents
DSC of three proposed 4D models. Except for the comparable DSCs of GM between Back-connection and
Intermediate-connection type, the intermediate-connection model overwhelmingly outperforms the other

two. Interestingly, shortcut connection type even failed to segment tumors. This failure leads to infinite val-
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ues on distance metrics which is meaningless, so only DSC metric is provided here.

Comparison between optimal longitudinal type and corresponding backbone

To the utmost extent to evaluate the longitudinal information influence on accuracy, we should select the best
4D architecture to compare with its backbone model. Based on the accuracy evaluation of three longitudinal
models, the Intermediate-connection one demonstrates the best learning ability to mimic the masks. Here
we take the 3D DC U-Net and its Intermediate-connection longitudinal model as an example to show their
disparity in terms of accuracy(shown in Figure 4.3). We could notice that the overall accuracy of longitudinal
network is slightly superior to its backbone on the three metrics. However, this tiny superiority cannot be
seen in the Intermediate-connection with 3D Res U-Net and 3D U-Net backbone(See the results in Appendix
C), where the performance of longitudinal model is even a little bit worse than backbone. In fact, the pre-
trained weights from CNN backbone plays a major role in maintaining 4D model’s segmentation accuracy,
since if the longitudinal network training from scratch, the result is even worse. The accuracy comparison
of 3 types of longitudinal models taking 3D U-Net as backbone training with and without pretrained weights
refers to Appendix B.1.

The segmentation accuracy of optimal 4D model

Based on previous experimental results, the best CNN backbone is between 3D DC U-Net and 3D Res U-Net,
depends on the input patch size; the optimal longitudinal architecture is Intermediate-connection type. The
final 4D model is the combination of these two components. We therefore compare the segmentation accu-
racy between the optimal longitudinal type with 3D U-Net, 3D Res U-Net and 3D DC U-Net to obtain the 4D
model with best accuracy performance. To avoid hardware memory issue, the crop patch size used in this ex-
periment is 64 x 64 x 64. The results are shown in 4.4. Except for HD metric, the Intermediate-connection type
with 3D DC U-Net backbone outperforms the other two significantly. Especially for DSC metric, this model
produces not only higher mean and median score, but also a more concentrated distribution of prediction.

4.1.2. Results of consistency

The major question to be answered in this project is whether the longitudinal information help increase the
segmentation consistency. The 4D model used in this experiment is the Intermediate-connection longitudi-
nal architecture with 3D DC U-Net backbone, for sake of its best performance on accuracy metrics.

TMR of normal tissues over time

Since the TMR and TTR are dual metrics, to have a intuitive feeling of the segmentation consistency, we plot
the TMR development curve over MRI scans of each testing patient, as shown in Figure 4.5, where 3 of them
are listed as examples. It is apparent that the results from longitudinal model have highest mean TMR across
scans among three predictions, meaning most normal tissues are maintained itself on average in longitudinal
prediction. However, the standard deviations of longitudinal results are not always lowest.

Tissue transformation rate

TMR development curve gives a straightforward overview of segmentation consistency. We also interested
in the exact transformation of tissue from one type to another, i.e TTR performance. The transition matrix
heatmap of average TTR across MRI scans of the three testing patients is presented in Figure 4.6. Here we
could see the tissue transformation condition over time. While normal tissues keep high TMR(diagonal of
heatmap) and low TTR in all these three patients, the glioma TMR of mask in patient EGD-0125 and EGD-
0265 is much lower, which indicates there are resection happens at some time points. We could also notice
that the TMR and TTR of glioma in patient EGD-0125 and EGD-0505 from mask differ significantly from deep
learning models, which demonstrates a large discrepancy between mask and prediction.
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Figure 4.3: Accuracy comparison between 3D DC U-Net and intermediate-connection 4D model.
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Figure 4.4: Accuracy comparison between optimal longitudinal architecture with 3 different backbones. The one with 3D DC U-Net

backbone outperforms than the other two.
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Figure 4.5: Left: TMR development curve over time of 3 testing patients. Right: mean and standard deviation of TMR curve. The values
above segments are mean and below are standard deviation. A mean value of 1 means that, with respect to the previous time-point, all
voxels of that label remained the same.
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4.2, Discussion

The results of CNN networks from three metrics suggest that the primary improvement of model variants is
on tumor segmentation. Surprisingly, compared to pure residual connected 3D Res U-Net, the mixed dila-
tion convolution and residual connection structure in 3D DRes U-Net harms the segmentation accuracy of
tumor marginally, instead of improving it further, which is contrary to our initial expectation that dilation
convolution can better capture multi-scale contextual information of glioma. The underlying cause of this
unexpected phenomenon remains unclear. Another important finding is that the designed hard-code iden-
tical mapping in 3D DC U-Net could help improve tumor segmentation as well, and maintain a fairly good
quality on normal tissues segmentation simultaneously. When the patch size is increased to 128, this variant
even achieved best performance on CSE GM and TM, with only a tiny distance from best WM score obtained
by 3D U-Net. It is therefore likely that such a raw information mapping from input is indeed helpful in ex-

tracting location information.

The comparison between three types of longitudinal networks is interesting as well. Especially for Shortcut-
connection type, the segmentation of tumor totally failed. A possible explanation might be that the identity
mapping from encoder path is designed to provide detailed location information in favor of feature recover-
ing, but the shape and position of tumor probably vary significantly along chronological axis, which will mess
up information and mislead the network to regard it as the least consistent context waiting to be abandoned.
The bridge part of backbone stores most abstract feature maps which only focus on high level semantic in-
formation, hence the inter-communication at this level won'’t affect much the details expression in final seg-
mentation. As for back-connection model, since the weights of backbone are unable to update, the training
only takes place within the one-layer BiConvLSTM network. The information flow on time dimension does
not contribute effectively to the improvement of each individual backbone, which results in the degraded
performance compared to single CNN network. Interestingly, if the decoder path is freed out for training,
like the intermediate-connection model does, although the segmentation of normal tissues maintains good
results as obtained from individual backbone, the tumor region is unable to be detected any more, refer-
ring to Shortcut-connection’s performance. The reason accounts for this phenomenon could be attributed
to the low-level features’ interaction as well. The connection position is the output of backbone, where detail
features are already recovered. Recurrent convolution at this point is likely to mess up the individual segmen-
tation features and properties again. Inconsistent targets(glioma) will be dropped out while consistent ones
be kept(WM, GM, CSF). To sum up, in order to force the communication along temporal dimension while
prevent from losing individual details, the connection should take place at deepest part where highest level
features exist, and low level features keep separated from each other.

Experimental results show that the longitudinal information do has some impacts on the segmentation qual-
ity. First, the upper limits of segmentation accuracy of optimal longitudinal architecture is somehow deter-
mined by its 3D backbone, although for 3D DC U-Net we noticed a slight improvement on its corresponding
Intermediate-connection 4D network, but that is too little to be a valuable improvement. Second, the su-
periority on segmentation accuracy of CNN backbone cannot definitely transmitted to its corresponding 4D
model. As we see that the longitudinal DC U-Net overwhelmingly outperforms longitudinal Res U-Net on
all four targets, while among individual 3D models, the Res U-Net produces best TM segmentation accuracy.
Third, with regard to the consistency, the findings cannot support the hypothesis that the longitudinal net-
work could absolutely approximate the ground truth better than CNN networks. Although the longitudinal
model provides the highest TMR of normal tissues over time, the stability of prediction in successive time
points is not always better than CNN backbone. Sometimes the standard deviation is even a bit higher than

mask. This phenomenon may partly be explained by the imperfect dataset. As discussed in chapter 3, er-
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Figure 4.6: Average transition rate matrix over time of 3 testing patients. From left to right column: ground truth mask, longitudinal

model, 3D DC U-Net. The x-axis of transition heatmap refers to the label of ¢; and the y-axis is the label of #; 1. The value in each
square is the averaged transformation rate across the whole time span.

rors existing in masks break the consistency in training samples, like the example shown in Figure 3.12, while

unfortunately the longitudinal model is likely to strengthen consistent context and abandon inconsistent

contents. If the training examples fail to provide consistent enough information, the fusion of temporal con-

texts might even impose negative influence. Another possible explanation is that the widely variant scanning

interval in dataset. Since this is real medical data, we could not expect the patient to have uniform visits for

MRI scans. Further more, some scans might be lost or unavailable at some time points. This inherent prop-

erty of data may cause the violation of stable tissue transformation assumption in training samples, since the

growth of glioma after a enough long time will prominently affect other normal tissues no matter how slow it

progresses.






Conclusions and Future Work

5.1. Conclusions

In this project, we created longitudinal networks to evaluate the influence of temporal information on seg-
mentation quality from accuracy and constancy perspective by a hierarchical design flow. First, a 3D U-Net
and its variants 3D Res U-Net and 3D DRes U-Net by introducing the ideas of residual connection and dila-
tion convolution were implemented. A new hard-coded identity mapping idea is proposed to develop the 3D
DC U-Net. After comparing their performance on brain tissues and glioma semantic segmentation tasks, the
3D DC U-Net is selected to be the optimal backbone of longitudinal model creation as it is proven to possess
the capacity of improving tumor segmentation accuracy while maintaining the quality of other normal tissue
segmentations at the same time. Further experiments on CNN suggest that a larger input patch size leads to
a significant boost on segmentation accuracy. Second, three types of longitudinal models by combining CNN
with LSTM networks differently were proposed. The results indicate that the intermediate-connection type
provides best segmentation accuracy among these three. The final longitudinal model is generated based
on the optimal longitudinal architecture and CNN backbone. Third, the evaluation of final 4D longitudi-
nal model is conducted on both accuracy and consistency. We found that the longitudinal segmentation
accuracy is probably limited by the CNN capacity. As for the consistency, even though the longitudinal seg-
mentation achieves best mean TMR, the standard deviation of TMR curve shows no superiority to individual

segmentation by CNN. These findings, however, may be somewhat limited by the imperfect data.

Back to the research questions proposed at the beginning, the answers are presented as following based on
the experimental results:

* How to design longitudinal multi-target segmentation model with limited memory usage?
The longitudinal segmentation network can be created by combining 3D U-Net backbone and LSTM
networks in different approaches with the number of output feature channels equal to the number
of segmenting targets plus one (background). In this project, three types of longitudinal models are
implemented as examples. To conquer the GPU memory limitation, pretraining of CNN backbone
strategy is adopted.

* How to evaluate the segmentation consistency?
Based on the fact that the normal brain tissues of an adult should keep relatively stable in terms of
morphology over time, the evaluation of consistency can therefore based on the Tissue Transformation
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Rate(TTR) and Tissue Maintaining Rate(TMR). We expect a stable and high value for average TMR of
normal tissues across MRI scans to show a consistent segmentation result. This metric cannot be used
on glioma segmentation since this target is inconsistent at all.

¢ Can longitudinal information help improve segmentation accuracy of each target region?
Compared to the CNN backbone, the introduce of longitudinal information does not contribute pos-
itively to the segmentation accuracy in present study. Instead, the accuracy depends on the applied

CNN backbone to a certain degree.

¢ Can longitudinal information help improve segmentation consistency of each target region?
At least on our dataset, the answer is partial improvement. The longitudinal model improves the mean
TMR over time, the standard deviation, which describes the stable property of tissue transformation, is
however not always better than CNN and masks. These finds should be interpreted with caution since
the dataset we are using is not so accurate.

5.2. Future Work

Time, data and computation resource are three major concerns in developing deep learning networks. There
are also many tricks for training network to obtain higher scores on evaluation metrics. Although no bench-
mark in this exploratory project can be used to evaluate whether the generated segmentation are good enough
or not, it is worth to note a better result is always there. Due to the time limitation, no exploration of best hy-
per parameters combination was conducted since the absolute highest accuracy is not the research topic of
this project, not to mention the dataset is imperfect. Some experimental parameter setups like the optimizer,
learning rate decay strategy and so on are chosen empirically. A more sophisticated finetune can be done if a

better accuracy is desired and a dataset with better segmentation labels is available.

With regard to the longitudinal model, the LSTM networks used in research are basic ones. There are many
other innovative architectures available in literature which can be arbitrarily inserted as a part of CNN back-
bone, like listed in [39]. Similarly, it is possible to replace the CNN backbone from U-Net to other non
encoder-decoder segmentation networks as well, for instance Deeplab family[14, 15]. The integration strat-
egy between CNN and RNN is also worth to explore further to find the most suitable 4D architecture.

For the training strategy of longitudinal model, the input time step number used in this study is kept un-
changed. A more common training paradigm of RNN network would use different data length in each input
to capture more general information over time.
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A. Preliminary Experiments on Pure LSTM Networks
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B. Effect of Pretrained Weights on Longitudinal Networks
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C. Accuracy Comparison Between Longitudinal Networks and Corresponding 3D Backbones
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