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Design and Implementation of Android Software for Image
Recognition of Stored Grain insects

Zhao Binyu, Zhou Huiling
(Automation schoool, Beijing University of Posts and Telecommunications, Beijing 100876)

Abstract:This paper designed and implemented a stored grain insect image recognition mobile phone
software based on the Android system. The Resnet model with less network parameters was used to
train a stored grain insect image recognition algorithm. The algorithm can identify 10 kinds of stored
grain insects in 6 categories with an average accuracy of 0.9. In this paper, the trained algorithm is
exported to pb file, and the file was transplanted to Android mobile phone. Then TensorFlow Lite was
used to call the algorithm model, which realized the identification of the stored grain insect image on
the Android mobile phone. The results show that it is feasible to identify the species of stored grain
pests locally on the mobile phone. Compared with the online identification method, the local
identification on the mobile phone can be protected from network conditions and server performance.
This Android software could be an assistant for grain storage personnel and the majority of grain
storage farmers.

Keywords: insect monitoring; stored grain insect; image recognition; Resnet algorithm; Android
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Tab.1 Division ofimage dataset
SR RE  mAEE UREL  BHE EER FER

U EENE)) 12,960 10,197 14,263 9,137 10,338 5,803 62,698
Mk Gl 12,956 10,200 14,263 1,169 10,336 5,802 54,726
B G 25916 20,397 28,526 10,306 20,674 11,605 117,424
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Fig. 1 imageexamplesofstoredgraininsectin 6categories
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Fig. 2Residual structure
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Fig. 3Loss curve during training
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Tab. 2Recall rate and accuracy of image recognitiondifferent insects
SZHE BE WRBER PEHER P s

ERES 0.95 0.91 0.92 0.84 0.92 0.79
TR 0.94 0.86 0.91 0.55 0.93 0.91
115
_ e, accuracy,xamount ;
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6 1; t;
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125 TR FUE AN, SCREE R PO ANy 2 R L 88y, SCREZ M i B . APP
FH 1) PictureSelector Z+4 il & 414 3 Fin.



130

135

140

145

150

m “Hie zEﬁ http://lwww paper.edu.cn

% 3PictureSelector ZE(fil &
Tab. 3PictureSelector parameter configuration

ZH WEAE ROR
selectionM ode() PictureConfig. SINGLE LISV
previewlmage() true CINAS
isCamera() true ORI
compress() false N4 Fy
enableCrop () true o [ B By D R
hideBottomControls() false 278 uCrop T HA%
showCrop Frame() true Rk B AR T 1 AE
showCrop Grid() true SRBEBIHTE M A
previewEggs() true T I B 358 5 A A T S AR
rotateEnabled() true B I AT e I A
scaleEnabled() true e BY RPN R
freeSty leCrop Enabled() true 3 BYAE P i
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WA FIEAR M e BB o b TR 2 e UG R D e R IR RO SRV o o R, AN &
L BRASTI ) 8, O Tk B G ORI ORI A, AR P R
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Fig. 6Interfaceofinsectimagerecognitionprocess
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