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Screening Method of Abnormal Corn Ears Based on Machine Vision
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Abstract; The quality of corn seed production and new variety breeding are affected by the problem of
abnormal corn ears. Taking the whole corn ear as research object, the sorting method of three abnormal
grains ( namely moldy corn ears, worm-eaten corn ears and mechanically damaged corn ears) was
researched based on two-dimensional fast imaging technology. Firstly, the portable image acquisition
device was constructed based on the monocular vision and the corn ear image was acquired. According to
these characteristics of corn ear images, six color features in RGB model and HIS model and five texture
features in gray scale images were extracted and normalized to build the classification model of these
abnormal corn ears. The classifiers were trained with the support vector machine (SVM) and BP neural
network for comparison analysis by using the known feature vectors. The result showed that the SVM
classifier had higher accuracy than BP neural network classifier. The accuracies of moldy corn ears
sorting, worm-eaten corn ears sorting and mechanically damaged corn ears sorting were 96. 0% , 93. 3%
and 90. 0% , respectively. The study made an important foundation for realizing the automatic machine
screening of abnormal corn ears and had high application value in improving the corn seed quality.
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Fig.1 Images of typical abnormal corn ears
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Fig.2 Image acquisition device
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Fig.3 Preprocessing step by step
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Tab.1 Color feature parameters set of corn ears

R, G g B, ,, S Tove
ERRR 178.419  108.419  27.226  31.000
R RAL 104300 83.400  63.533  36.087
dUE AL 167.300  119.567  74.467  28.900
BB A5

R

195.894  105. 127
44.399  84.032
114.520 117. 845

158.000 115.960  52.000 36.032 149.710 108.720
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Tab.2 Texture parameters set of corn ears

CON,, ” ASM,, ” EN’ Tw mob,, ” COR,, "
1EH A 1.034 0.277 1.737 0.775 0. 594
TR LA 1.911 0. 157 2.346 0. 668 0.255

Mg SR A 1. 666 0. 140 2.450 0. 648 0.212
UG 1
S

1.256 0.192 2.058 0.730 0.458
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Fig.4 Specific process
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Tab.3 BP neural network classification results

HLAR A5

ERR AR duik R 1E i
AR BEEE A ol R/ %
W
1E SRR & (100 ) 84 3 11 2 84. 00
A A A (102 %) 4 77 21 0 75.49
Mo SRR A (112 08 ) 7 17 64 24 57.14
HUBRL G R AR E (S0 ) 6 0 3 41 82.00
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Tab.4 SVM classification results
AR TR b Zi’fz i
AR BEERE AR #E R/ %
IE SRR (100 15 ) 90 0 3 7 90.0
T R R (102 1) 4 98 0 0 96. 1
b AR (112 15) 12 12 80 8 71.4
HUARE 5 AR A (50 ) 1 0 0 49  98.0
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Tab.5 Abnormal corn ears classification results

BP fifi% BP ffiZz  SVM SVM

oo

;&D;w; WK M4 ER KW IR

HER/NE R/% BR/E R/ %

TF 40 32 80.0 39 97.5
AR R 50 35 70.0 48 96.0
Hu SRR 30 22 73.3 28 93.3
BB A5 15 SR 30 24 80.0 27 90.0
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