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model guided by cross-attention mechanism and its application in fine-
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Abstract:  Existing pest image classification models often suffer from performance degradation in cross-domain rec-
ognition. To address this issue, this study proposed an unsupervised domain adaptive image classification model based on
focal regions, named FC-DroNet. First, the model introduced mask processing in feature extraction and utilized a cascaded
cross-attention module to fuse horizontal , vertical, and global spatial features, thereby enhancing the ability to capture fine-
grained local features. Meanwhile, a consistency constraint mechanism was introduced to suppress overfitting on the source

domain, thus improving cross-domain generalization

%S B #7.2025-10-15 performance. A dataset, FD4Set, containing four types of
ELWH . BHEHARPARSTH (62262028) ; VT4 H KRl 5 images, namely Bactrocera cucurbitae, Bactrocera scutel-
4:7H L3 H (20242BAB25082) lata, Bactrocera tau, and Bactrocera dorsalis ( Hendel ) ,
EBB N : ZEH(1979-) , L& JLPUME S N 84 2%, LAk % was constructed to verify the performance of the FC-DroNet
Ui, EZEAFAOAF B AL R AL BERF5Y . (E-mail ) jneyq model. The results showed that the precision of the FC-
@ jxau.edu.cn DroNet model on the test set reached 99.41% and the F1
BIAEE 4P 3CH , (E-mail) jneyq_pyq@ jxau.edu.cn reached 99.22% , both higher than those of the ResNet50
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model, AlexNet model, VGG-16 model, LeNet-5 model, ConvNext model, and MobileVit model. The findings of this study

provide technical support for the intelligent identification of field pests.
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Fig.2 Image editing method for modeling global image dependencies
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Fig.3 Insertion position of the attention mechanism
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Table 1 The performance of models with attention mechanism in-

serted at different positions

HANLE FERIZ (%) F1(%)
Layerl J& 91.71 91.67
Layer2 Jii 72.79 72.58
Layer3 J& 71.77 71.53
Layerl J5+Layer2 & 34.91 33.72
Layer2 Ji +Layer3 J& 35.93 34.34
Layerl J5+Layer3 /& 39.50 38.18
Layerl J&+Layer2 J5 . Layer3 J5 29.97 29.17

Layerl . Layer2 . Layer3 A7 ResNet50 H R[] (v, B (5% 2581

F2 TEBHEEN L1 ENLARORE K EEE
Table 2 The performance of models constrained by L1 regulariza-

tion with different parameter settings

E 26 L1378 FAR ORR(%)  F1(%)
1.000 20 0.001 99.17 99.08
0.100 20 0.001 99.41 98.69
0.010 20 0.001 98.47 97.57
0.001 20 0.001 98.23 95.88

£33 TRE—BEARFTEARNER AR
Table 3 The performance of models constrained by different con-

sistency constraint methods

RO ww opx MR T
L1 ENl4k 20 0.001 99.17 99.08
VNG ) 20 0.001 99.06 98.79
Jensen-Shannon ¥ 20 0.001 99.41 98.90
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Fig.4 Loss function and precision curves of the model con-

structed in this study
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Table 4 The performance of different models on the FD4set dataset

T HEHIA (%) F1(%)
ResNet50 76.77 75.93
AlexNet 78.23 77.78
VGG-16 58.92 60.38
LeNet-5 69.52 72.34
ConvNext 72.13 71.64
MobileVit 99.19 99.19
FC-DroNet ( A< BF 5% 99.41 99.22
AR )

5 pros, 7E R A E R PR 4E I, FC-DroNet
FERUFAG B R F1[RIAREDE T H A AR A
RS REREHFEE EAEEIAMELRE

Table 5 The performance of different models on the orchard pest

dataset

A KRR (%) F1(%)
ResNet50 84.66 70.76
AlexNet 85.80 85.17
VGG-16 54.46 50.82
LeNet-5 79.07 74.91
ConvNext 71.39 54.87
MobileVit 98.35 96.17
FC-DroNet ( 4 Wf 5% 99.53 99.35
PR Y )
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Fig.5 Performance comparison between the FC-DroNet model
and the ResNet50 model
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Table 6 The impact of different modules on the performance of
FC-DroNet model

el HEH% (%) F1(%)
ResNet50 76.77 75.93
ResNet50+CAA 91.71 91.67
ResNet50+U-s 80.12 82.69
ResNet50+CAA+U-s 99.66 99.63
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