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Application of Deep Learning in the Teaching of Horticulture and Forestry Botany
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Abstract

mobile APP to horticulture and forestry botany teaching, assisting teachers’ teaching and students’ self-learning activities after class.In the al-

The application of deep learning algorithm was used for automatic recognition of plant pictures,and the algorithm was embeded in

gorithm , data acquisition and labeling were screened and labeled by experts, data processing was enhanced randomly to avoid over-fitting, con-
volution neural network was used for mobile terminals, loss function includes positive loss and negative loss, and parameter optimization was
based on Adam algorithm.The final training results reached more than 90% accuracy and met the practical needs, so as to optimize the effect of
classroom and after-class teaching activities.Deep learning could effectively solve the difficulties of plant recognition in the number, accuracy

and speed of species.
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Fig.2 Data pre-processing
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Table 1 Comparison of CNN models

T TopS K& it

Model Top5 precision Number of parameters // M
AlexNet'"! 0.780 3 61

VGG 0.913 2 138
GoogleNet™ 0.906 4 24

ResNet"*! 0.9343 26
MobileNet"*’ 0.905 6 4
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Table 2 MobileNet structure

SR pA SBEEIIZIN
Layer type Stride Filter shape
Conv 2 3x3%3%32
Conv dw 1 3x3%x32 dw
Conv 1 1x1x32x64
Conv dw 2 3x3x64 dw
Conv 1 1x1x64%x128
Conv dw 1 3x3x128 dw
Conv 1 I1x1x128%x128
Conv dw 2 3x3x128 dw
Conv 1 1x1x128%256
Conv dw 1 3x3%256 dw
Conv 1 1X1x256%256
Conv dw 2 3x3%x256 dw
Conv 1 1xX1x256%512
5><Conv dw 1 3x3x512 dw
Conv 1 IX1x512x512
Conv dw 2 3%3%x512 dw
Conv 1 1x1x512x1 024
Conv dw 2 3x3x1 024 dw
Conv 1 Ix1x1 024x1 024
Avg Pool 1 Pool 7x7
FC 1 1 024x512
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Table 3 Comparison of optimization algorithm
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