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Abstract

Liver resection requires extreme precision, as the surgeon aims to remove damaged tissue
or a predefined portion of liver leaving the remnant intact with its blood vessel supply. Thus,
selection of the best resection technique becomes a crucial step. Blood loss and operating time
are some of the key factors which help the surgeon in choosing the best resection technique,
however, a single technique cannot satisfy all the requirements simultaneously. Random trials
of combination of two techniques, for multi-modal resection, are reported as the solution. How-
ever, such combination is not efficient due to the manual switching of cutting tools during the
mode change as well as tool blindness. An ultrasound (US) guided multi-modal resection can
address these issues where US images are used to identify vessels present near the transection
point and provide a real-time feedback for automatic switching of the cutting tools. US image
analysis, thus, becomes the most critical part of the US guided multi-modal liver resection.

US images are adversely affected by artifacts such as, low contrast, speckle, and acoustic
shadows. In addition, variations in size and shapes of blood vessels make the vessel detec-
tion and segmentation challenging. In this work, novel techniques are developed for US im-
age enhancement, segmentation, and registration with an end goal of accurate measurements of
blood vessels and other anatomical structures such as lesions. Among the four enhancement ap-
proaches developed in this work, edge probability based anisotropic diffusion and structure ori-

ented generative adversarial network (SO-GAN) are the most important. In particular SO-GAN,



which is fast and free from input-dependent parameter tuning. In contrast to the existing speckle
elimination approaches, it tries only to reduce speckle extent while maintaining structural and
qualitative attributes of the images. A quantitative measurement of output speckle character-
istics shows that the proposed GAN results in symmetric KL-divergence value of 0.404. It is

better than the value 0.547, which is the best achieved by the existing approaches.

Similarly two convolutional neural network (CNN) based segmentation approaches are de-
veloped. Among these, the CNN trained with sub-problem specific deep supervision provides
the best performance. In this, the fine resolution layers are trained to give more emphasis to
the anatomical boundaries whereas coarse resolution layers are focused to discriminate object
regions. The approach is tested for blood vessel segmentation in liver images and results in the
dice index value of 0.79. The best value observed among the existing approaches is produced
by U-net as 0.75. The proposed network also results in dice index value of 0.91 in lumen seg-
mentation experiments on MICCAI 2011 IVUS challenge dataset, which is near to the provided

reference value of 0.93.

Segmentation outputs are further used as landmark information to develop a CNN based
coupled hybrid convolutional method for deformable medical image registration. The exist-
ing deep learning registration methods are either geometric (landmark based), iconic (intensity
based) or decoupled hybrid in nature. A decoupled hybrid method sequentially uses landmark
and intensity information to perform registration. In contrast, a coupled hybrid method uses
the two information simultaneously to provide better results. To best of our knowledge, the
proposed method is the first to perform a coupled hybrid registration in deep learning frame-
work. The experiments performed using cardiac magnetic resonance images, introduced in the
MICCAI ACDC challenge 2017, show that the proposed method is able to achieve a matching
of 86.2%, 64.3%, and 66.3% for left ventricle cavity, myocardium, and right ventricle cavity

vi



regions, respectively. This is considerably better than the matching figures of 69.9%, 42.8%,
and 53.8% which are achieved by the state-of-the-art deep learning registration method. The
proposed method is also extended for multi-modal registration between CT and US images.
All the developed analysis techniques are generic in nature and can be extended to other
applications in future. Furthermore, a clinical device or an augmented reality system can be de-
veloped using these techniques to obtain the desired image guided feedback for an autonomous

multi-modal resection.
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truth and magenta curves show the outcome of the segmentation network. Left
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Sample pairs from test set with overlaid boundaries of right (green) and left

(red) ventricle cavities, row 1 and 2. Registered images from log-demons, the

method by Balakrishnan et al., non-hybrid DSN-R, and hybrid DSN-R, are re-

spectively shown 1n row 3, 4, 5, and 6. The maximum similarity 1s observed
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Qualitative evaluation of inverse consistency of DSN-R. The order of source

and target 1mage pairs shown 1n Fig. |4.7|1s reversed (left and middle column)
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Improvement 1n registration performance (dice index) with improving landmark
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(a) Source and target input slices, (b) registered outputs obtained using non-

hybrid and hybrid DSN-R, (c) deformation field magnitude (||¢||) observed
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Slices from 3D test volumes, first row: source, second row: target. Boundaries

of right (green) and left (red) ventricle cavities are overlaid for comparison.

Registered outputs from log-demons, VoxelMorph-2 by Balakrishnan et al., and

hybrid DSN-R, are respectively shown 1in third, fourth, and fifth rows.| . . . . .
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rows show the lesion regions corresponding to the images shown 1n preceding

odd rows. Poor performance can be observed from the registered image and
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Overview of the proposed registration framework with localization network.

SSD, DSN-OB, and DSN-R form a pipeline to perform localization, segmenta-

tion, and registration respectively. Registration 1s done only between the mask
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