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Abstract; The wide distribution of pests in the field leads to difficulties in image data acquisition, and
most of the traditional detection models use complex feature pyramid network (FPN) to enhance detection
accuracy, which affects the real-time detection to some extent. To this end, the trap lamp device was
designed to construct the pest dataset FieldPestS and the detector YOLOF, which does not use the FPN
structure, was improved to propose a pest detection model YOLOF_PD that balanced detection accuracy
and efficiency. Firstly, the Cutout data augmentation method was added to alleviate the occlusion problem
in the pest images, and the complete intersection over union ( CloU) loss function was used to obtain
better box regression positions. Secondly, the adaptive coordinate attention ( ACA) mechanism was
proposed to enhance the information representation capability of the model. Specifically, the global
maximum pooling ( GMP) path was added to the global average pooling ( GAP) path of the original
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coordinate attention ( CA) mechanism, and the weights of different paths were updated adaptively by
using learnable parameters. Finally, the Dilated _Dwise _ ACA encoder was proposed to improve the
performance of YOLOF for small-scale pest detection. Improvements were made to the projector and
residual modules in the dilated encoder. The ACA attention mechanism was introduced after the 3 x 3
convolution in the projector module, and in the Residual module 3 x 3 depth-separable convolution and
1 x 1 pointwise convolution were fused. The experimental results showed that the improved YOLOF_PD
model mAP achieved 93. 7% on the FieldPest5 test set, which was 2. 1 percentage points higher than that
of the model before improvement, and the detection speed was 42.4 f/s, which can meet the
requirements of fast pest detection. Compared with Cascade R — CNN, RetinaNet and ATSS, YOLOF_PD
achieved good performance in terms of detection effect and detection speed. The research result can lay a
solid foundation for field pest data collection as well as real-time pest detection.

Key words: pest detection of field; insect trap lamp; YOLOF; adaptive coordinate attention; multiscale
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Fig.8 Structure diagram of YOLOF_PD model
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Tab.2 Performance of YOLOF by using different

backbone networks

T W % mAP/% I 5 J T I8 B
ResNet50 91.6 4.216 x 107 1.032 x 10"
ResNet101 90. 6 6.112 x107 1.880 x 10"
ResNest50 91.4 4.412 x 107 1.359 x 10"
ResNest101 89. 1 6.481 x 107 2.158 x 10"
MobileNet V2 89.3 2.078 x 107 2.630 x 10"

2 Al LU SR T 4
YOLOF B I A7 2 3 S 4 v RE . il an, 1
ResNet101 # [t {ff i ResNet50 £ N & + M 4 1
YOLOF , 7E FieldPest5 i £ ) mAP {k 1 I~ H 4
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3.3.2  FEEIJIHLEIN H S
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Tab.3 Comparison experiments results of different

attention mechanisms

R 1 HLI mAP/% IR 2 b
CA(GAP) 91.8 4.218 x107
CA(GMP) 92.0 4.218 x 107
CA(GMP + GAP) 91.5 4.218 x 107
ACA 92.3 4.218 x107
ECA 91.8 4.216 x 107
SE 92.0 4.219 x 107

M3 E[ U, 72 YOLOF Fi5] A GMP {
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Fig.9 Feature heat map after introducing attention mechanism in YOLOF
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Tab.4 Regression loss function comparison test results

%

453 % bR £ mAP
GloU 91.6
DIoU 91.9
CloU 92.4

M 4 tal LU ), 78 YOLOF #5281 b i ]
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Tab.5 Ablation experiments results performed on

FieldPest5S test set %

R mAP
YOLOF 91.6
YOLOF + Cutout 92.6
YOLOF + CloU loss 92.4
YOLOF + Projector_ACA 92.3
YOLOF + Residual_Concat 92.7
YOLOF + Cutout + CIoU loss + Projector_ACA 93.4
YOLOF_PD 93.7

YOLOF

YOLOF+Cutout

YOLOF+

21 24 27 30 33 36

AR
10 YR £ B8 7R 3R 4R 1 19 mAP A8 fE il £¢

Fig. 10 Variation curves of mAP for each model on

validation set during training process
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Fig. 12 Model detection on FieldPest5 test set samples
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Tab.6 Comparison of comprehensive performance of different detectors
LR mAP/% Wi R/ (fos7") [EIE 216 IF A AT 5 Fl #/MB
Faster R — CNN 91.4 23.6 4.114 x 107 2.163 x 10" 71701
Dynamic R — CNN 91.6 23.6 4.114 x107 2.163 x 10" 7 699
Double Head R — CNN 92.2 12.4 4.673 x 107 4.905 x 10" 9591
Cascade R — CNN 91.7 20. 6 6.894 x 107 2.441 x 10" 8185
RetinaNet 92.5 23.5 3.619 x 107 2.165 x 10" 6913
FCOS 92.9 26.5 3.185 x 107 2.067 x 10" 7263
ATSS 93.4 23.8 3.190 x 107 2.118 x 10" 7 803
YOLOF_PD 93.7 42.4 4.284 x 107 1.039 x 10" 5385

6 BI04 T M 2% 35 8 ResNet50, 7
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2 LW mAP g 92.2% HZWUE R A 12.4 /s,
Ko 4k AR 4% . RetinaNet ,FCOS | ATSS 1 YOLOF _
PD {ii Jfl Focal loss fiff R A AN - 185 11 3l AR )
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