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Fig.1 Structure diagram (A) and shooting environment of telemetering lamp (B,C)
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A KFE &% Craphalocrocis medinalis ; B : KRG —ALIE Scirpophaga incertulas; C : ¥ Scotinophara lurida; D : TG % W Echinocnemus
squameus Billberg; E: 8B Gryllotalpa spps; F - IKAG AL Cnaphalocrocis medinalis ; G : RGN WL Cnaphalocrocis medinalis s H : KRG RIE
Sesamia inferens ;1: Kt T Stenchaetothrips biformis;J: K5 A\ Nilaparvata lugens Stal; K : £ BEENH Coccinella septempunciata; - 55 B Aphi-
didae; M : W2 M Locusta migratoria manilensis Meyen; N : 85T 5k Nyctemera adversata; O : W8 Mantodea; P B3 8 Oxytelus bativculus;
Q: R I Nephotettiz cincticeps; R: KA Cerambycidae; S - 55 R Nehipparchus hypoleuca; T - %18k Artiae caja.
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Fig.2 Images of 20 types of pests
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Fig.3 SCP data enhancement results
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Fig.5 ResNeSt structure diagram
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Fig.6 Schematic diagram of DyHead
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Fig.7 Loss curves of training
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x1 HEKWHEIE
Table 1 Pest identification results %
RS Model FRAF UM 45 Backbone AR Precision A 1% Recall F, 538 Fy-score
Cascade R-CNN ResNet-50 88.6 78.7 83.4
Cascade R-CNN ResNeSt-50 89.7 79.4 84.2
Cascade R-CNN-+SCP ResNet-50 90.2 80.5 85.1
Cascade R-CNN-+DyHead ResNet-50 89.6 79.8 84.4
Improved Cascade R-CNN ResNeSt-50 91.4 81.6 86.2

2 1Al , ek B Cascade R-CNN 8 ff 22
B R R A EF, 4380 F AR A Cascade R-CNN CRRE #2
WU 2% 4 ResNet-50) 73 5l 5 1 2.8.2.9 F1 2.8 H
A ARG 45 R R Y Cascade R-CNN AT
JE e A5 780 B - b 3 T ORI 55 A 4 RE A
2 THRIIE A
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3 56 b, 43 3 A1) Bt A Cascade R-CNN |, Cas-
cade R-CNN. Faster R-CNN. YOLOv4'*! _ YO-
LOX"" H1 Cascade RPN JE 47 I 5 I 214k 12 51 K
o 22 AR RS AL (56 i Bt o A 5 K A
I Cascade R-CNN 5 X [ B 42 #4255 Y Faster R-
CNN I iy BE 2 8L 8 YOLOv4 DL K BLAT I YO-
LOX #l Cascade RPN #A7%f Lo Fr A7 M4 Il 2k 5
PG FEA I 58 F OB A b 58 il . M3 2 B8 ]
1, kR B9 Cascade R-CNN ARG B 73 [0 58 F0
43 B Faster R-CNN 43 51 #2 5 7 5.6%.5.9% A0l
5.8%, Ml F YOLOVA Ki i % 4 [R5 A F) 40 804y
B T 7.8 8.5 M 8.2 H 4r . TESIATHIAY L
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F 80 YOLOX 43 5l & 1 5.0.4.3 fl4.6 A 43
R, b Cascade RPN A3l 4 &5 1 4.2 3.5 M 3.8 A 43
o U 25 R R I A AR F AR A H , ek Y

Cascade R-CNN #3575 T Fe LM RE , ELXTAS [ AP 211
SRR I ) LA A e Y M R RORS A L et
Cascade R-CNN ik 2| >R 42 %% B vy 3 4G I 70 4G
g;‘r{o

xR 2 AREEE LR EE
Table 2 Comparing experimental data
of different models %
e WIS IR AEE A%
Model Backbone Precision Recall ~ F,-score
Faster R-CNN ResNet-50 85.8 75.7 80.4
YOLOv4 DarkNet53 83.6 73.1 78.0
YOLOX DarkNet53 86.4 773 81.6
Cascade RPN ResNet-50 87.2 78.1 82.4
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cade R-CNN

8 J& /8 T Cascade R-CNN Al i #F # Cascade
R-CNN 152 PRl BIRCR | B 8 el & 1 2 417 HU A
A5 1% K 0 435 R %o RECRIURR I %) 18530 40 75 %) i AT
8C.8D A, Y Mo A B AR AEAE A & Y A
Bt JF A Cascade R-CNN 5 1 2 77 4 Y 6 Fl1%
o, 17 ke o A Cascade R-CNN WU 7 — & FEJE - fife ke
TR TR AR A I RE S sk A 5 TAR
B8 THT L5 L AR AR Cascade R-
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A JRIRER Original images; B : H.3ARZS True label; C:Cascade R-CNNj; D:Cascade R-CNN-+SCP-+ResNeSt-50-+DyHead.
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Fig.8
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Field pest detection method based on improved Cascade
R-CNN by incorporating attention mechanism

LIU Zhi',ZHAT Ruifang', PENG Wanwei’, CHEN Keyi’, YANG Wanneng’

1.College of Informatics, Huazhong Agricultural University, Wuhan 430070, China;
2.Shanghai Yunnong Information Technology Co., Ltd., Shanghai 201299, China;
3.College of Plant Science and Technology, Huazhong Agricultural University,
Wuhan 430070, China

Abstract In order to address the challenges of manual identification of pests in images collected by
light traps, as well as the low reliability and poor accuracy of statistical results, this study proposes an im-
proved Cascade R-CNN algorithm for field pest detection. The algorithm is based on the Cascade R-CNN
framework and uses ResNeSt-50 as the backbone network, incorporating cross-channel attention mecha-
nisms to obtain feature maps more conducive to pest detection. A unifying object detection head with atten-
tions (DyHead) is used, incorporating scale awareness, spatial position awareness, and task awareness to
improve the performance of the detection head. Additionally, the simple copy-paste (SCP) method is em-
ployed for data augmentation to enhance the model’ s detection capabilities in complex scenarios. A total of
1 500 images of 20 pest categories were collected, and a monitoring lamp field pest dataset compliant with
the microsoft common objects in context (MS COCO 2017) format was created. The results show that the
F,-score of the proposed method reaches 86.2%. When the intersection over union (IoU) is set to 0.5, the
F-score increases by 2.8, 5.8, and 8.2 percentages compared to the classic Cascade R-CNN, Faster R-
CNN, and YOLOwV4, respectively. The results shows that the proposed method meets the requirements of
discriminative ability and real-time performance for monitoring lamp pest detection tasks, achieving high-
precision automatic identification and counting of pests, and can be directly applied to field pest detection.

Keywords deep learning; telemetering lamp; pest identification; Cascade R-CNN; accurate detec-

tion; attention mechanism; green prevention and control
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