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Zanthoxylum bungeanum maxim plant diseases and
insect pests identification model based on improved EfficientNet
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(1 College of Big Data and Information Engineering, Guizhou University, Guiyang 550025, China) ;
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Abstract; Plant diseases and insect pests’ infestation of zanthoxylum bungeanum maxim can lead to abnormal growth, decreased
yield, and deterioration of quality. To timely and accurately detect zanthoxylum bungeanum maxim plant diseases and insect pests,
this paper proposes a zanthoxylum bungeanum maxim plant diseases and insect pests’ identification model based on EfficientNet. By
comparing deep learning networks such as GoogleNet, MobileNetV2, MobileNetV3, ShuffleNetV2, and EfficientNet through
experiments, the most effective EfficientNet network is selected to construct a zanthoxylum bungeanum maxim plant diseases and
insect pests recognition model, and the accuracy of the model is improved by improving the MBConv module. The experimental
results show that the improved model has an accuracy of 94% , which is 2% higher than the original EfficientNet network. The
identification model of zanthoxylum bungeanum maxim plant diseases and insect pests based on EfficientNet proposed in this article
has good detection performance and can be applied to actual zanthoxylum bungeanum maxim field scenes, providing an effective tool
for monitoring and controlling zanthoxylum bungeanum maxim plant diseases and insect pests.
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Fig. 1 Data set of the prickly pepper pest
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Table 1 EfficientNet—B0 network structure

IYPER H, x W, SEIEEL C, MR UELL,

29 i BHBAE F,

1 Conv3x3 224x224 32 1
2 MBConvl, k3 x 3 112x112 16 1
3 MBConv6, £3 x 3 112x112 24 2
4 MBConv6, k5 X 5 56x56 40 2
5 MBConv6, k3 X 3 28x28 80 3
6 MBConv6, k5 X 5 14x14 112 3
7 MBConv6, k5 X 5 14x14 192 4
8 MBConv6, k3 x 3 TXT 320 1
9  Convlx1 & Pooling&FC Tx7 1280 1

F—BRRE BRI 3x3 IERE;
2~8 2 AE R HEE MBConv Bl i 5 — 2 H
—1Ix1 WERZE  — Bl R —> 4 i 4
JZA ., 7EF 1 H , MBConv BEHUR IR 1 3¢ 6 M1
HHT ', FIR MBConv B —A> 1x1 1945
TR 22 S A\ FE R R I B 580 n o k 3 x 33K
k5 x5 378 MBConv #EH R B & FH ( Depthwise
Conv ) " BT R B U KN
1.3 MBConv &1t
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Sl H— G RR K NA 11 13858 5 R T T
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Fig. 2 MBConv module structure

2 ZIWERSHMH

1.4 CBAM i EHHLH

CBAM Z5#nIE 3 frs, CBAM J& 454 13
s B R PSR BB B R AR
CAM = EEOCTE AR B A 38 18 25 | 38 2o 2% 2T A
HORN B0 TE A TINAL ; 23 [ B A SAM T
CTERFAE B ) 23 [B) 45 B 38 3 2 > A R 3R
(RS, B AR (R 7, 38 e 45 5 3 3 B ) RN 2 ()
7, CBAM HEHL A 1] 38 L Hh % B REAE (5] 1Y) 38
TEFNZS (AR RE ) DT B2 757 D) 465 X5 AN [R) R AIE 1) J8 11 g
1o BXFPERL FIHLEN AT LS B W45 A6 AR AT 55 A3
S S A BB RN A RRAEAR B, DT $ i A A 1Y
PEREFIEEYE , HHOCHEIR AT .

F=M(F)F (1)
F=M(F)F (2)
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Fig. 3 CBAM structure
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Table 2 Comparison of the results of each network model

[EETHES W BOSHE Fas R
(Model type) Accuracy/ Y% Parameters/ M FLOPs/ B
GoogleNet 82 10.43 1.51
MobileNetV2 80 3.50 0.33
MobileNetV3 86 2.54 0.06
ShuffleNetV2 88 2.27 0.14
EfficientNet—B0 92 5.29 0.42
Improved EfficientNet 94 5.30 0.44
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