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Fine-grained classification of crop diseases and pests based on progressive growing of GANs

Deng Yun''?, Feng Qiyao' ?, Niu Zhaowen' *, Kang Yanping' ’
(1. School of Information Science and Engineering s Guilin University of Technology, Guilin, 541004, China ;
2. Guangxi Key Laboratory of Embedded Technology and Intelligent System , Guilin, 541004, China)

Abstract: With the popularity and rapid development of deep learning applications, image recognition methods based
on deep learning are widely used in the field of crop diseases and insect pests. However., most neural networks
attach importance to the improvement of recognition accuracy, but ignore the huge parameter computation amount
of neural networks. In order to solve this problem. based on the progressive growing of GANs discriminator model
and convolutional attention module. an improved CPDM network model was proposed to identify crop pests and diseases.
By adjusting the network structure of the progressive growing of GANs discriminator, the feature extraction capability of
CPDM network model was enhanced by using balanced learning rate, pixel-level feature vector normalization and
convolutional attention module, and the recognition accuracy of real images was improved. The experiment was carried out
on the PlantVillage dataset, and compared with VGG16, VGG19 and ResNetl8, the TOP-1 accuracy was 99. 06% ,
96.50% , 96.65% and 98. 86% . respectively, which was improved by 2. 56% ., 2. 41% and 0. 2%, respectively. And
the number of parameters was only 8.2 M. The experimental results show that the proposed CPDM network model meets
the purpose of effectively controlling the calculation amount of neural network parameters on the basis of ensuring
the classification accuracy.
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Input Image

WE_Convl X1 L.Relu 16 X1 024 X1 024
WE_Conv3 X3 LRelu 16 X1 024 X1 024
WE_Conv3 X3 LRelu 32X1 024 X1 024
Downsample Avg_pool 32X512X512
WE_Conv3 X3 LRelu 32X512X512
WE_Conv3 X3 LRelu 64 X512X512
Downsample Avg pool 64X 256 X 256
WE_Conv3 X3 LRelu 64 X 256X 256
WE_Conv3 X3 LRelu 128 X256 X 256
Downsample Avg_pool 128 X128 X128
WE_Conv3 X3 LRelu 128X 128 X128
WE_Conv3 X3 LRelu 256X 128 X128
Downsample Avg_pool 256 X 64X 64
WE_Conv3 X3 LRelu 256 X 64 X 64
WE_Conv3 X3 LRelu 512X 64X 64
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WE_Conv3 X3 LRelu 512X 8X8
Downsample Avg_pool 512X4 X4
Minibatch_stddev 513X 4X4
WE_Conv3 X3 LRelu 512X 4 X4
WE_Convid X 4 LRelu 512X1X1
Fully_connected Linear 1X1X1
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Tab. 2 Model structure of CPDM

CPDM BAE EVEE TR S
Input Image 3 X256 X256
WE_Convl X1 LRelu 32X 256 X256
WE_Conv3 X3 Lrelu, Pixel_Norm 64 X256 X256
WE_Conv3 X3 Lrelu, Pixel_Norm 64 X256 X256

Downsample

Max_pool,Batch_Norm 64X128X 128

CBAM 64X128X128
WE_Convl X1 Lrelu,Pixel Norm 128X128X 128
Conv3 X3 Lrelu.Pixel Norm 128X128X128
Downsample Max_pool 128X 64 X 64
CBAM 128X 64 X 64
WE_Convl X1 Lrelu,Pixel Norm 256 X 64 X 64
Conv3 X3 Lrelu, Pixel Norm 256 X 64X 64
Downsample Max_pool 256 X32X32
CBAM 256 X32X32
WE_Convl X1 Lrelu, Pixel Norm 256X 32X 32
Conv3 X3 Lrelu,Pixel Norm 256X 32X32
Downsample Max_pool 256 X 16X 16
CBAM 256 X16X16
WE_Convl X1 Lrelu,Pixel Norm 256X16X16
Conv3 X 3 Lrelu,Pixel_Norm 256 X 16X 16
Downsample Max_pool 256 X8 X8
CBAM 256 X8X8
WE_Convl X1 Lrelu,Pixel_Norm 256 X8 X8
Conv3 X 3 Lrelu,Pixel Norm 256 X8 X8
Downsample Max_pool 256 X4 X4
Minibatch_stddev 257X 4 X4
Conv3 X3 LRelu 256 X4 X4
Convl X1 LRelu 256 X4 X4
Fully_connected Linear 1024 X4 X4
Fully_connected Linear 512X 4 X4
Fully_connected Linear 38X 4 X4
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Tab. 3 Comparison of network parameters between

CPDM network model and other different models
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VGG19 139.7 558. 90 96. 65 0.108

VGG16 134. 4 537. 66 96. 50 0.137

ResNet18 11.2 44.78 98. 86 0. 039

ProGAN HI5|#%  20.7 82. 86 42.05 2.256

CPDM 8.2 32. 84 99. 06 0.033

5% 4 AT, VGG19 B TOP-1 #ER R L VGG16 #2
T 0.15%, Hod g B R A VGGL9 B W 4% 2 50 [
VGG16 ZA 56, A X 5 B Y CPDM ¥ 2% 155 4 7
K28 280 1, B ProGAN #5128 19 2 8 & > 7
60%,5 VGG16 F1 VGG19 ik 134.4 M f1139. 7 M 1y
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CPDM ()24 32 [ ResNet18 87> 3 M, 36 3F B,
CPDM [%] £ 452 T 7 (5 TE 1 A 23 1) it - A 2000 ol ) 8%
ZHOTAERMER.

3 Hit

D) ASCE % ProGAN T8 A& AE 9955 1% 4 26 )
L B AT AT M A A, R HE AR B A R AR 2 ) R AR Bl
i B8, H ProGAN | il 45 5 B0 7F 47 4 VE W s L
4325, T CPDM MR RY 58 5 34 45 2% 2] SRl &
i CBAM 2 Sy ML, IFA8 AR R BURAAIE 1] o 05—
A8 75 2O R AR A TR E AT A3 . O BE X L R 4% 25
COREIBUR: D) | I o AN G 3 A0 = i oS U T =
o AV 3 T8 4012 1) Jr o T 4 25 4 L DD N 2 S
It 5 VGG16,VGG19, ResNet18 il i ProGAN ¥
AR AT X LG

2) W SR E 1 A7 ) 38 CBAM U & AL
RIS 28 GRRAE ) 2t 0 — fb 45 45 ol FH X A5 780 4 g 1 S
PReEThaE s . FRAE B 7E 40 CBAM i 3 MLl Fi iR
GREAE 1) 2 U — 05, 1T DA 00 45 3 38 R AiE 2 ()
FEOE I AE JCPE B2 T T XA SRR IE Y B BLRE T . FE G Al
FH Y2 2] S AT DA R 28 00 28 FE Y1 25 B B AR

3) i i i 5 X b, CPDM W #% A5 AU Al DL 7R
PlantVillage 4¢ {F #7951 35 £ 4l 45 L3k 3] 99. 06 %6 Y
TOP-1 ## 2%, H CPDM [W 4% F 78 34 28088 8. 2 M,
SzBRZ R /N R 32.84 MB, 5 VGG16.VGG19 Fl
ResNet18 #F47 %] I, B iiE 1 A 3C % 1119 CPDM W £
B R E AL . 96 IE B, CPDM. W) 265 450 7 51 Bt
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