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Image Detection System of Corn Seed Internal Crack Based on CNN

ZHANG Yuzhuo' WANG Decheng' FANG Xianfa’ LU Chengxu’ DONG Xin® LI Jia®

(1. College of Engineering, China Agricultural University, Beijing 100083, China
2. State Key Laboratory of Soil — Plant — Machine System Technology,
Chinese Academy of Agricultural Mechanization Sciences Group Co. , Lid. , Beijing 100083, China)

Abstract: In order to efficiently detect the internal cracks of corn seeds, a detection system and batch
detection method based on convolutional neural network ( CNN) were designed, and the cracked and
non-cracked corn seeds were collected to make a data set, and four classics of AlexNet, VGGII1,
InceptionV3 and ResNetl8 were constructed. Convolutional neural network, and compared with the
traditional algorithm model SVM and BP neural network at the same time. It was found that the
convolutional neural network model was better than those two traditional algorithm models. The ResNetl8
model had the best comprehensive detection performance. The recognition accuracy of single seeds with
cracks was 95.04% , and the recognition accuracy of single seeds without cracks was 95.04% and
98.06% , and the per grain detection time was 4.42 s. During the corn seed internal crack recognition
system based on ResNetl8, the system experiment carried out 10 sets of batch recognition. The average
accuracy rate of cracked seeds was 94.25% , and the average recognition accuracy rate of non-cracked
seeds was 97. 25% . The transmission of light source in batch recognition was not equivalent. Accuracy
can be affected by reasons such as the internal cracks of all seeds and the lack of generalization caused by
multiple loading of model weights. Finally, an automatic identification device for internal cracks in the
seeds was built, and a software control device for identification was designed to complete the internal
crack identification system of corn seeds. The deep learning algorithm provided a guarantee for the
detection of internal cracks in corn seeds. The research result would lay a foundation for the detection of
internal cracks in corn seeds in the assembly line.

Key words: corn seed; internal crack; image recognition; convolution neural network
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