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Abstract: This paper proposes a recognition method based on the EfficientNet—B0 network model and transfer learning technology
to address the challenge of identifying rice pests in natural environments. Firstly, a dataset was constructed that includes five types of
pests: Chinese rice grasshopper, rice planthopper, rice spine edge bug, hemp skin bug, and black tailed leathopper, and the
samples were preprocessed; Subsequently, an initial model of EfficientNet —BO incorporating transfer learning technology was
designed, and by optimizing the parameters of the fully connected layer model, an EfficientNet-BO0 rice pest recognition model
based on transfer learning technology was finally trained. The experimental results show that the accuracy, recall, and F1 Score of
the model on five types of pest samples are close to or reach 1. 00, and the accuracy on the test set is as high as 99. 82%. This
indicates that the EfficientNet—BO recognition model based on transfer learning technology can accurately and quickly identify the
categories of rice pests, providing a reference for precise control of rice pests.
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Table 1 EfficientNet—B0 network architecture

BrEe BRI (E T ST R T HAIYHER i 1 R B Z %
1 Conv3x3 224x224 32 1
2 MBConvl,k3x3 112x112 16 1
3 MBConv6,k3x3 112x112 24 2
4 MBConv6,k5x5 56x56 40 2
5 MBConv6,k3x3 28x28 80 3
6 MBConv6,k5x5 14x 14 112 3
7 MBConv6,k5x5 14x 14 192 4
8 MBConv6,k3x3 7x7 320 1
9 Conv1x1&Pooling&FC 7x7 1280 1
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Table 2 Original data set of rice pests
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Table 3 Enhanced data set of rice pests
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AR IR 84 1 008 1092
R 84 1 008 1092
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JBR 1 1 88 1 056 1144
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Table 4 Classification of rice pest data set
Kt vhEREIE RECEl REREZAEE RRECEE DRRERER S0
YL 982 994 996 1032 980 4984

M4 110 98 122 112 112 554
Bt 1 092 1092 1118 1 144 1092 5538
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Table 5 Parameter settings

A REARUAH G &
o T EfficinetNet—BO
Model EfficinetNet—B0 BT R 2 5 046
Learning method New learning Transfer learning
input_shape [150,150,3] [150,150,3]
K - 138 Bk vk K =10 K=9
pefess Adam Adam
learning_rate 0. 001 0. 000 01
decay 1E-5 1E-8
batch_size 32 32
epochs 200 50
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Table 6 Data set partitioning of Efficinetnet—B0 model
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Fig. 1 Accuracy rate curve and loss rate curve
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Table 7 Data set division of migration learning model
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FET EfficinetNet—B0 MK TR 7 JEAILEK A8 SRIIBIRIASE . R0 20 U5, MERR SRR %
A R A Bk AU S0 WORRIPEREANEE 2 fron, Rz, IR R AR U R R T —
Kl 2(a) R BOEIERAC 3 UJm  IZR R IEMERs B0, B RSO KA 3 BUBOs 46 HAT R IiF &
REM L 00%, BN T, H&-FRIER FOR,



142 /ORI B NS5 NMOA EBRE

100 1.2

0.95 train_accuracy 1.0 h‘am_]oss

0.90 val_accuracy : val_loss
£ 0.85 " 0.8
£0.80 < 06
®0.75 0.4

0-70 02

0.65 0

0 10 20 30 40 50 0 10 20 30 40 50
epoch epoch
(a) MERIRMZ (b) ik

2 EWMERBETRA R K

Fig. 2 Accuracy rate curve and loss rate curve
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Table 8 Confusion matrix
S PR4h TI A5 2R (IEREAS) PSSR (A
EREA ELIEAI ( True Positive, TP) B Rl ( False Negative, FN)
A R IE ] ( False Positive, FP) FLZ A ( True Negative, TN)
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Score 3 FTAERIO TN T2, A I 16 5 K /I 7 T A7 — i 2 5, T
Precision = (TP)/ (TP + FP) (2)  EfficinetNet=BO fJILF% > BIAL7E K T B iU i
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Table 9 Model performance comparison

Model Learning method Accuracy/ % Loss Epoch/s Model size /MB

EfficinetNet—BO New learning 98. 56 0.030 5 15 47.2

FLF EfficinetNet—B0

e Transfer learning 99. 82 0.017 9 4 34.6
Y IERE =2 ] 2%
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Fig. 3 Rice pest identification confusion matrix
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Table 10 Performance comparison of rice pest recognition models
KREEL KR fm
rhAgfElE 110

Precision Recall F1 - Score

EfficinetNet-BO  0.97  0.99 0.98
RSB 1,00 1.00 1.00
FKE 98  EfficinetNet-BO  0.97  1.00 0.98
R A=) wii] 1.00  0.99 0.99
RIS 122 EfficinetNet-BO  0.99  0.98 0.98
BT 1,00 1.00 1.00
FREZIE 112 EfficinetNet-BO ~ 1.00  0.97 0.97
TR 1,00 1.00 1.00
MMM 112 EfficinetNet-BO  0.99  0.99 0.99

Rz A=) ¥ 0.99 1.00 1.00
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