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ABSTRACT E 46959

This thesis proposes a novel edge detection for ill-defined edges in noisy
images and implements the proposed method to detect the edge of object in noisy
images such as medical images. The weaknesses of edge detection are the sensitivity
to noise and bad performance in the cases where images contain high level of noise.
Therefore, finding the correct edge in noisy images is still a difficulty task. The goal
of this thesis is to develop an automated edge detection technique for detecting the
edge of object in noisy images.

Our proposed technique can detect the edge of object in noisy images using
the novel edge following technique. We calculate the average edge vector field model
and the edge map. The proposed average edge vector field model is derived by
averaging edge vector fields in which both direction and magnitude are taken into
account. The proposed edge map is derived from Law’s texture feature and Canny
edge detection. The average edge vector field and the edge map are used to select the
strong edges in the edge following technique. The performance and robustness of the
technique have been tested on noisy images such as synthetic noisy images, prostate
ultrasound images, left ventricle in cardiac magnetic resonance images, aorta in

cardiovascular magnetic resonance images, knee joints in computerized tomography
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images and carpal bone in X-ray images. We also compare the proposed edge
detection technique with the active contour models (ACM), geodesic active contour
(GAC) and gradient vector flow (GVF) by using the opinions of the skilled doctor as
the ground truth. The experimental results show that the proposed technique is able to
provide more accurate edge detection results than the classical contour models and
visually close to the manual segmentation by the skilled doctor. The proposed
technique is very useful in assisting radiologists to accomplish the task of segmenting
the boundary of object in noisy images much more efficiently. The new technique can
further be applied to any image processing problems in which the ill-defined edge

detection is encountered.
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