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Identification and control of apple tree diseases and insect pests under the perspective of rural
revitalization
Yang Jian Zhan Wanlong
( Chonggqing Three Gorges Vocational College, Chongging Wanzhou 404155 )
[Abstract] Rural informatization construction is the key task of rural revitalization, and the identification and
control of fruit tree diseases and insect pests is an important topic of agricultural informatization construction. In
this paper, the public data set Plant Village of 54306 diseased and healthy leaves collected under controlled
conditions was selected. The convolutional neural network and deep learning related technology were used to

solve the pest identification problem by training AlexNet network, so as to provide practical reference for the

intelligent control of apple tree diseases and insect pests in rural areas.
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Species Diseases Categories Healthy Amount of images

Apple 3 1 33, 172

Orange 1 0 5507

Peach 1 1 2657

Grape 3 1 4063

Soybean 0 1 5090
Strawberry 1 1 1565

Tomato 9 1 18, 162
Blueberry 0 1 1502

Cherry 1 1 1906
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model =keras.models. sequential ([keras. layers. Conv
2D (filters=96, kernel size= (11, 11), strides= (4, 4),
activation="relu’, input shape=in shape)

keras. layers. MaxPool2D (pool size= (3, 3) , stride
s= (2, 2) ),

keras. lavers. BatchNormalization () ,

keras. layers. Conv2D (filters=256, kernel size= (5,

5) , strides= (1, 1), activation="relu’, padding="sam
e”)

keras. layers. MaxPool2D (pool size= (3, 3) , stride
s= (2, 2) )

keras. layers. BatchNormalization ()

keras, layers. Conv2D (filters=384, kernel size= (3,
3) , strides= (1, 1) , activation= relu’, padding="sam
e”)

Keras. layers. Conv2D (filters=384, kernel size= (3,
3) , strides= (1, 1), activation= relu’, padding="sam
e”)

Keras. layers. Conv2D (filters=256, kernel size= (3,

140 Copyright (© This work is licensed under a Commons Attibution-Non Commercial 4.0 International License.



Journal of International Education Forum

E BRI FiCIE
6L e 8 HeMA 1.002024 4
e, W] P ISSN: 2705-120X (O)  EISSN: 2705-1196 (P)

3) , strides= (1, 1), activation= relu’, padding="sam
e’ ,

keras. layers. MaxPool2D (pool size= (3, 3) , stride
s= (2, 2))

keras. layers. Flatten () ,

keras. layers. Dense (4096, activation= relu )

keras. layers. Dropout (0. 5)

keras. layers. Dense (4096, activation= relu’ ) ,

keras. layers. Dropout (0.5)

keras. layers. Dense (n_class, activation=" softmax
DD
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A 50. 00 49. 00 0. 00 1.00 0.00 98. 00%
KSR 50. 00 2. 00 48. 00 0. 00 0. 00 96. 00%
EL/Na 50. 00 0.00 0.00 50. 00 0. 00 100. 00%

i e 50. 00 1. 00 0. 00 0. 00 49. 00 98. 00%
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