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Motion Blur Parameters Estimation Based on Bottom-hat Using Spectrum
FANG Zheng'! CAO Tieyong' FU Tie-lian®
(Institute of Command Information System, Army Engineering University.Nanjing 210007, China)'
(Equipment Development Department Information Systems Board,Beijing 100034, China)?
Abstract Motion blur is caused by the relative motion between object and imaging system,and precise motion blur pa-
rameters are needed when the uniform linear motion-blurred image is recovered. It can be proved that the motion blur
parameters are relative to the zero points of Fourier spectrum. The number of dark lines is related to the fuzzy scale,and
the spectrum dark lines are perpendicular to the angle. In the detection of the dark lines of spectrum,due to the image
structure or noise,it is difficult to accurately locate the spectral dark lines,and the spectral structure will be affected by
image’s aspect ratio. To deal with these problems,this paper proposed a way named bottom-hat which are used in mor-
phology and processed it in the blur image spectrum,and then used the Hough transform to find the blurred angles.
Blurred angles and the distance between two mid zero points were used to find the blurred length. Experimental results
show that the errors of blurred length detected by the proposed method are lower than 0. 25 pixels,and the errors of the

angle are lower than 0. 6°. The proposed method is very robust for it can estimate the blur parameters of blurred images

in different scales and contents.
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Fig. 3 Blurred image,spectral binaryzation results and

Hough transform image
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Table 1 8 groups of parameters of blurred images
H R E / pixel A K/
17 20
13 23
20 30
25 42
10 47
8 53
16 29
23 68
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Table 2 Performance of method in reference [12]

W #%#ﬂ}if% ﬁ#‘feﬂﬁfg il &2 RE‘\&;‘W
TR = TR = K T H ENE ¢
kids — 0.46 0 8
Boston — — 8 8
moon - 0.23 0 8
cameraman 0.35 0.22 0 0
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Table 3 Performance of method in reference [ 9]
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Table 4 Performance of method without bottom-hat
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Table 5 Performance of method in reference [ 14 |
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Table 6 Performance of our method
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