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Research on the Surface Damage Detection of Gastrodia elata Blume
Based on Convolutional Neural Network

XIA Min, SUN Peng, FEI Qiqi, ZHAO Xudong, YANG Linlin

(College of Mechanical Engineering , Yunnan Agricultural University, Kunming 650201, China)

Abstract: [ Purpose] In order to solve the problem that the traditional Gastrodia elata Blume sur-
face damage mainly depends on manual inspection, we proposed to apply the residual neural network
model (Faster R-CNN ResNet101) to the identification of G. elata surface damage, in order to obtain
a better identification effect. [ Method] Four kinds of G. elata were studied, including decay, mil-
dew, mechanical damage and intact G. elata. Firstly, the model was constructed on the basis of convo-
lutional neural network and regional candidate network, and the model was tested on tensorflow
framework, finally, the results were compared and analyzed. [ Result] The surface damage detec-
tion model of G. elata was based on the input convolution layer and four convolution groups in Fast
R-CNN ResNet101 network, and the region candidate network was used to generate the initial posi-
tion candidate box of the surface damage detection, to classify and locate the candidate boxes, the re-
cognition rate was 95.14%, the precision rate was 0.94 and the recall rate was 0.92. Compared with

SSD (Single Shot multibox Detector), Faster rcnn_inception and Rfcn resnet101, the accuracy of net-
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work recognition was improved by 13.02%, 10.69% and 12.02%, respectively. [ Conclusion] The

model has the characteristics of strong generalization ability, high accuracy and good stick property,

which can be used as a reference for the identification of agricultural products.

Keywords: Gastrodia elata Blume; surface damage; ResNet101; image preprocessing
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Fig. 2 Flow chart of inspection model for appearance quality of G. elata
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Tab. 1 Set different model parameters to test and identify
the accuracy analysis table

FF 5 ISR IKE ERIES AL/ %
number number of iterations  learning rate  recognition accuracy
1 100 0.01 31.32
2 100 0.001 48.44
3 100 0.003 58.67
4 100 0.0001 55.61
5 500 0.003 73.43
6 1000 0.003 80.17
7 1500 0.003 83.24
8 2000 0.003 88.65
9 2500 0.003 92.27
10 3000 0.003 96.13
11 3500 0.003 94.19
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Fig. 3 Iterative loss result
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