CHAPTER 3

LEARNING-BASED IMAGE PROCESSING
FOR CARDIAC DIAGNOSIS

Highlights of the Chapter

o Components of Image segmentation
o Classical image segmentation approaches
® Deep learning image segmentation approaches

e [Exploration of related literatures

This chapter encompasses the approaches developed and utilized for the purpose of image
segmentation for improved feature extraction and most importantly their role in the field of
medical image analysis. Conventionally, manual segmentation of medical images is carried out.
Problems with this approach are: requires expert and is time consuming and tedious process. Also,
this process still holds the possibilities of error in segmentation due to inter and intra-observer
variability. Thus, accurate and fully automated process is required for improving clinical
application of imaging modalities. Deep learning based provides the way to segment images in
fully automated mode. Deep learning based automatic segmentation of images are, in general,
categorized as: (a) Supervised learning (b) Semi-supervised or weakly-supervised learning (c)

Unsupervised learning

(a) Supervised learning
(b) Semi-supervised learning

(©) Unsupervised learning
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3.1 Classical image segmentation approaches
Application of supervised and unsupervised techniques in medical image analysis increased
considerably during the period of late 1990s to early 2020s. Some of the main techniques used
include but are not limited to image-based techniques (threshold, dynamic programming); pixel
classification (clustering, gaussian mixture model); deformable models; graph-based models; and
atlas-based methods.
3.1.1 K-Means Clustering approach

Clustering is an unsupervised method to split up a set of data into a specific number of
groups. One of the popular clustering methods is the K-means technique, which is used in this
proposed work to generate a primary segmentation of the region of interest from the cardiac MR
images. A collection of data points is partitioned into k number of groups in this technique; the
idea is simple and the method has relatively medium computational complexity (based on the
number of elements, clusters, and iterations).[1] Since biomedical image segmentation using
unsupervised techniques is pretty challenging due to the presence of organs and tissues of similar
intensities, minimizing the number of data points will be a smart choice. Hence a manually
cropped portion of the images inclusive of the region of interest is provided for clustering which
produces the initial (rough) segmentation [1], [2].
The algorithm is executed in several phases. First random cluster centers are initialized for the
dataset; based on that, the dataset is divided into K clusters randomly, while assigning each cluster
almost the same number of nearest data points. Once the first stage of grouping is completed, the
new centroids for each cluster are recalculated. Then, Euclidean distance is computed from each
of the data points to each cluster centroid, and based on that, the data point is assigned to the

nearest cluster with the minimum Euclidean distance to its centroid[2]. The process continues until
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the shifting of the centroids becomes less than a predefined threshold or the iteration limit has been
reached. The Euclidean distance is defined by d = ||p(x, y) — ci||, where ck is the centroid of the

k™ cluster and p(x, y) is any random pixel of the image. The new centroid position is recalculated
using ¢, = %Zy.gck Yixee, (P(x,¥) So, in this unsupervised iterative clustering algorithm, the sum

of the distances from each element to its cluster center is minimized over all the clusters. Although
random, the initial cluster centroids should be chosen carefully, as the final clustering quality
depends on it.
3.1.2 Random walker approach

The Random Walker is a well-known algorithm for performing multilabel interactive
segmentation. With a small number of predefined pixel labels, the random walking probability to
reach a pre-labeled pixel starting from the unlabeled ones can be quickly calculated. Hence the
segmentation can be performed by assigning each pixel with the greatest probability. Basically, in
this algorithm, the image is represented by an undirected weighted graph, where the pixels of the
image constitute the vertices and the intensities are mapped to edge weights. As the algorithm
works based on pre-defined labels or seed points, a manual seed point selection work (a few pixels
for both foreground and background) have been performed [3].
So at first, a small number of pixels are interactively pointed as “object” seed points (inclusive of
the region of interest) and a few “background” seed points are selected from the other portion of
the image. Now the unlabeled pixels should release the random walker. The random walker leaving
any particular unlabeled pixel will be arriving at a seed point. The probability of the seed point
being an “object” rather than a “background” is computed [4]. By using the graph Laplacian
matrix, a system of linear equations can be solved which may analytically determine the value of

these probabilities. Once all the probabilities for each of the pixels are calculated, they are assigned
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to the label (object/background) corresponding to the most probable random walker generation
(i.e., ‘1’ for the object and ‘0’ for the background) and finally, it produces an image with the
primary segmentation of the region of interest.
3.1.3 Region growing approach

Seed region growing is one of the popular segmentation approaches which is used in the
proposed methodology for extracting the region of interest (ROI) from the cardiac MR images.
This method works on the seed indication, or in other words, to choose a point or pixel within the
particular region that is going to be extracted. Primarily the idea is to constitute a region by
accumulating similar pixels together [5]. Hence the seed point selection should be done very
carefully as the segmentation results are directly influenced by this. In this procedure, first, the
seed point or the starting point of growth in the image is precisely chosen. Researchers have
reported a lot of approaches regarding the initiation of the seed value [6]. A manual seed initiation
process has been executed in the proposed methodology based on the required region of interest
which in this case is the left ventricle in cardiac cine MR images. Once the first seed point has
been selected, the neighbor pixels are automatically compared by the algorithm in search of similar
characteristics while satisfying the predefined growth criteria (threshold value). Once the criteria
are matched, the seed will grow by adopting the neighbor pixel into the region squad and the
grouped pixels become the new seed as a whole. The process is repeated till all the pixels of the
same threshold level are grouped and no more pixel is left to add with the region. It is very
important to choose the threshold minutely as it is the only growing criteria for the region. In
general cases, the value of the threshold is calculated based on the gray level information of the
images. Improper threshold selection leads to inappropriate merging of the pixels, while some

pixels are not added to the region, resulting in holes in the constructed area of interest.
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Now, suppose if pixel similarity is defined by F, then at a certain level, the function F(R) will be
defining the regional characteristic for the region R. p(x,y) is the next pixel with eigenvector
F(p) on which the threshold criteria is going to be tested. Now, if |F(R) — F(p)| < T, where T
specify the predefined threshold level, then the pixel is merged, otherwise, the search is carried on
for the next neighboring pixel. The process continues till all the similar pixels are grouped and

then generates a binary image of the region of interest for further analysis.

3.2 Deep learning approaches

The Sunnybrook Cardiac MR Left ventricle division challenge by MICCALI in 20009 is the first
publicly available dataset of CMRI after which many cardiac MRI segmentation methods have
been proposed varying from semi-automatic to fully automatic methods. Recently, more advanced
deep learning methods were developed which eased the automatic segmentation process of
medical images. Alongside, advancement in resources and accelerated hardware further increased
the efficiency of the system. This led to availability of more and more data in public domain which
augmented the development of fast and accurate segmentation model pipelines. Few of the recently

developed methods are discussed in the following paragraphs.

Zhang et al [7] reviewed Generative Adversarial Network based fast MRI segmentation
methods and shown that the model has good generalizability and robustness. Wu et al [8] proposed
use of multi-channel data for mapping by fusion with attention module and shape information-
based post-processing to achieve accurate delineation of both epicardial and endocardial contours.
Another author proposed bicubic interpolation for MRI pre-processing and trained an improved
3D V-net for segmentation task and shown that the proposed method effectively improved

accuracy of the segmentation of prostate [9].
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In recent years, the application of deep learning methods in medical image processing such as
lesion classification and segmentation, organ segmentation increased considerably. The
application of deep learning methods in Cardiac MRI segmentation was very much limited until
2013. Asma et. al. [10] showed that all the existing methods to segment the RV is inaccurate and

not enough to remove the challenges which come in RV segmentation.

In 2015, Kaggle organized the Second Annual Data Science Bowl in which a lot of applications
of deep learning methods were presented to the community. Since then, a huge number of deep
learning methods were applied for CMRI analysis. Deep learning methods used until 2018 were
summarized by Bernard et. al. [11]. Several variants of U-Net [12], DenseNets [13], novel
localization, and semantic segmentation network, motion estimation and segmentation networks,
and different novel variants of fully connected networks had been proposed by different authors
[14]. In the MICCAI 2017 Automatic Cardiac Division challenge, 9 out of 10 proposed method is
a deep learning-based method and out of 9, 8 were variants of U-Net. A combined deformable
model and deep learning method have been proposed by Avendi et. al. [15] for segmentation of
the Left ventricle of the heart. Isensee et. al. [16] used an ensemble of modified 2D U-Net and 3D
U-Net for segmentation of CMRI. Baumgartner et. al. [17] varied hyperparameters and
convolutional neural networks to optimize the CMRI segmentation. U-Net proposed by
Ronneberger et. al. [12] with the gated recurrent unit (GRU) on a higher feature level to propagate
slice features from one to another. Zotti et. al.. [ 18] also proposed an extension to U-Net for CMRI
segmentation and analysis. Khaned et. al. [19] used multiscale residual DenseNets for
segmentation while Oktay et. al.. [20] used residual convolutional neural networks to achieve
super-resolution for 3D volumes from 2D image stacks. Recently, machine learning methods were

used to predict high-level LV/RV information like volume and ejection fraction without
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segmenting the images. Although from the above literature it is clear that one can have quantifying
parameters for LV/RV without the need for segmentation, cardiac diagnosis is based on
physiological parameters and so the need for segmentation maps is required to evaluate the cardiac
quantification parameters. Problems associated with the segmentation of CMR images are unique
and require customized processing to resolve them [21]. Poor contrast between myocardium and
cavity, heterogeneities in the cavity due to blood flow, noise due to motion artifacts and heart
dynamics, shape and intensity variability are major causes of inaccurate and clinical insufficient
segmentation of CMR images. Apart from these, free-breathing CMR imaging has lower quality
compared to breath-hold CMR images and thus there remains a challenge in accurate segmentation
of free-breathing CMR images. A cascaded model has been proposed by Luo et. al. [22] using FC-
DenseNet and Level set method to automatically segment the RV and reported that the method is

able to efficiently and satisfactorily segment the RV.

Also, Zhou et al. [23] proposed a study to segment Ventricle images and reported excellent
results. Chen et. al. [24] proposed inter-cascade GAN for segmentation task of unbalanced atrial
targets and investigates an adaptive attention cascade to automatically correlate segmentation of
unbalanced tasks and then applies adversarial regularization to segment the scars. Li et al. [32]
utilized a unified framework for segmentation and classification of echocardiographic sequences
segmentation. A modified 2 stage U-net proposed by Mo et. al. [26]simultaneously learned to
detect ROI in the full volume and classified voxels without compromising the original resolution.
This approach achieved better segmentation performance as compared to state-of-the-art methods.
Shi et. al. [27] proposed a probabilistic deep voxel-wise dilated residual network for segmentation

of whole heart in 3D MR images.
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This chapter outlined the details and importance of image registration, more specifically
deformable image registration in the field of medical image analysis. Critical review of existing
algorithms helped to understand how previously proposed algorithms encounter the major

challenges of this field. Further, the concepts have been utilized to meet the goals of the thesis.
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Part - 11

Spectroscopy in cardiac diagnosis
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