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ABSTRACT

Lung Nodule Detection, Classification and Segmentation via Deep

Learning

by

Mohammad Hesam Hesamian

Accurately detecting and segmenting lung nodules from CT images play a critical

role in the earlier diagnosis of lung cancer, staging and evaluating patients’ response

to cancer therapy. Thus, this research area has attracted much interest from the

research community. Moreover, deep learning based image segmentation has by now

been firmly established as a robust tool in image segmentation. It has been widely

used to separate homogeneous areas as the first and critical component of diagnosis

and treatment pipeline.

In the first part of my research, an advanced solution is proposed to segment

lung nodules from CT images by employing a deep residual network structure with

Atrous convolution. The Atrous convolution increases the field of view of the filters

and helps to improve classification accuracy.

Due to the irregular shapes of nodules, and the low-intensity contrast between the

nodules and other lung areas, precisely segmenting nodules from lung CT images is

a very challenging task. The second part of this research proposes a highly effective

and robust solution to this problem by innovatively utilizing the changes of nodule

shapes over continuous slices (inter-slice changes) and develops a deep learning based

end-to-end system. Different from the existing 2.5D or 3D methods that attempt

to explore the inter-slice features, we propose to create a novel synthetic image to

depict the unique changing pattern of nodules between slices in distinctive colour

patterns. By taking advantage of inter-slice information and forming the proposed

synthetic image, the task of lung nodule segmentation can be done accurately.



To further improve the detection and segmentation accuracy, in the third part

of this research, a two-stage segmentation method is developed which is capable

of improving the accuracy of detection and segmentation of lung nodules from 2D

CT images. The first stage of our approach proposes multiple regions, potentially

containing the tumour, and the second stage performs the pixel-level segmentation

from the resultant regions.
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