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Multr scale Edge Detection with Dominating Opponent Inhibition

MENG Xiang lin, WANG Zheng zhi
( College of Me chatronics Engineering and Automation, National Univ. of Defense Techmobgy, Changsha 410073, China)

Abstract: Noise suppression conflicis wih high accuracy in image edge detection. A multt scale edge detecton model with
dominating opponert inhibition was proposed from physiological point of view. The presented model made extension of dbominating
opponent inhibition mechanism to processing at mukiple scales. Image noise can be adaptively suppressed by dominating inhibition from
the opponent path of lateral geniculate nucleus. Sharp edges were obtained through the norm linear combination of simple cell subfields.
Finally multt scale processing results were combined to obtain boundary contour. Theoretical analysis and experimental results indicate
that the proposed model performs well in noise suppression and accurate edge detection through the combination of dominating opponent
inhibition and multt scale processing. M earwhile, it is biologically plausible, simple and efficient.
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Fig. 1 Multt scale edge detection
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Fig.2 Experimental results of synthetic image
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Fig.3  Experimental results of real image
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Tab.1 Images test resulis (AUC)
101 0. 5628 0. 6215 0. 6302 0. 6382
103 0. 6630 0. 7056 0. 7142 0. 7271
131 0. 6678 0. 7131 0. 7211 0. 7348
133 0. 7364 0. 7772 0. 7896 0. 8060
36 0. 7215 0. 7506 0. 7587 0. 7762
build ngs 0. 7571 0. 7860 0. 7952 0. 8168
largebuilding 0. 6586 0. 6909 0. 7091 0. 7278
pitcher 0. 6622 0. 6995 0. 7179 0. 7370
school 0. 6765 0. 7249 0. 7393 0. 7584
series 0. 6751 0. 6944 0. 7163 0. 7396
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