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Abstract

In this paper, we propose a new edge detection method based on water flow model, in which

gradient image surface is considered as a 3-dimensional (3-D) geographical feature. The edges of
the objects in the background can be detected by the large gradient magnitude areas and to make
the edges immersed it is required to invert the gradient image. The proposed edge detector uses a
water flow model based enhancement and locally adaptive thresholding technique applied to the
inverted gradient image resulting in better noise performance. Computer simulations with a few
synthetic and real images show that the proposed method can extract edge contour effectively.
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Fig. 2. Synthetic images for edge detection. (a)

Synthetic image T1, (b) Synthetic image T1
contaminated by additive Gaussian noise
(6=10.0), (c) histogram.
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Fig. 4. Edge detection results of Fig. 2(a). (a)

Canny’s method, (b) Marr-Hildreth's
method, (c) Mallat’'s method, (d) proposed
method.
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Edge detection results of Fig. 2(b). (a)
Canny’s  method, (b)  Marr-Hildreth’s
method, (¢) Mallat’s method, (d) proposed
method.
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Canny’s method, (b} Marr-Hildreth's
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method.
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Fig. 10. Real test images for edge detection. (a)
Goldhill  image, (b) Goldhill image
contaminated by additive Gaussian noise
(6=10.0), (c) histogram.
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Fig. 11. Edge detection results of Fig. 9a). (a)
Canny’'s method, (b) Marr-Hildreth's
method, (¢) Mallat’s method, (d) proposed
method.
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Edge detection results of Fig. 9(b). (a)
Canny’s method, (b) Marr-Hildreth's
method, (¢) Mallat’s method, (d) proposed
method.
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Fig. 13. Edge detection results of Fig. 10(a). (a)
Canny's method, (b) Marr-Hildreth's
method, (¢) Mallat's method, (d) proposed
method.
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method, (¢c) Mallat’s method, (d) proposed
method.
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Edge detection methods

imag Proposed
Test ¢ Canny Marr-Hildreth Mallat opos

method
Noiseless T1 Original edge 1,503 1,494 1,470 1,503
Noisy T1 number : 1527 1,501 1,580 1,427 1,503
Noiseless T2 Original edge 3624 3636 4,187 3624
Noisy T2 number - 3,624 4,839 3917 4706 3679
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