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Abstract

China is the largest rice producer worldwide, with a planting area accounting for approximately
20% of the global total. Pest infestation is one of the primary factors limiting rice yield and quality.
Traditional pest detection methods mainly rely on manual inspection and sex pheromone trapping,
both of which have limitations and fail to meet the precise pest control requirements of modern
agriculture. With the development of agricultural intelligence and the widespread application of
deep learning, deep learning-based intelligent detection of crop pests and diseases has become a
research hotspot. To address these issues, this study employs an object detection approach for rice
pest identification and improves the YOLOvV5 (You Only Look Once version 5) detection algorithm
by introducing three mainstream attention mechanisms—ECA (Efficient Channel Attention), CBAM
(Convolutional Block Attention Module), and SE (Squeeze-and-Excitation). Corresponding improved
modules C3ECA, C3CBAM, and C3SE are constructed to replace the original C3 modules in the back-
bone network, forming three improved models: YOLOv5s-C3ECA, YOLOv5s-C3CBAM, and YOLOv5s-
C3SE. Experiments conducted on a publicly available rice pest image dataset demonstrate that com-
pared with the original YOLOv5s, the YOLOv5s-C3CBAM and YOLOv5s-C3ECA models achieve varying
degrees of improvement in mAP@0.5 and mAP@0.5:0.95, with YOLOv5s-C3CBAM improving by 1.2%
and 0.3%, and YOLOv5s-C3ECA improving by 2.5% and 1.1%, respectively. The results indicate that
the proposed improvement strategy enhances detection accuracy and stability of rice pest targets
while maintaining model lightweight characteristics, making it suitable for deployment on resource-
constrained agricultural intelligent terminals and offering significant practical value.
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Figure 1. Overall structure of the YOLOVS network
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Figure 2. Structure of the SE attention mechanism
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Figure 3. Structure of the CBAM attention mechanism
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Figure 4. Structure of the ECA attention mechanism
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Figure 5. Schematic diagram of module replacement in the improved model
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Table 1. Configuration of experimental software and hardware equipment

=1 KRS RRE

CPU RAM GPU Cuda Pytorch python
15-12400f 32.0G NVIDIAGeForceRTX3090 11.8 2.1.0 3.10
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mAP@0.5 Bt T 7E ToU BI{E N 0.5 B EEAUEAR T I5K5 EE, mAP@0.5:0.95 S A [Hi#i % 5¢ 7 AN[F] IoU &
PRI GE 77, RESE R IUBERLS H A e AR FE IR . R % F T S A ARG I L (V) IERE A 22/ st
R IER, A 8] 2 0 R AR R e Dy ar ) B ) TEAE AR &5 BT SEBR IEREAS B LU LLE%TEME@%%MR
RENE AT BO0RAl JF 4G YOLOVSs B K H ek il A< (YOLOV5s-C3ECA, YOLOv5s-C3CBAM, YOLOV5s-C3SE)
FE/KFE T B EARTIIAE S5 R A B . Bt SR 1tk .

P

= 6
TP+ FP ©)
TP %
" TP+FN
1 N
mAP@0.5 = NZABI"UZO'S (8)
i=1
1 N 9 .
mAP@0.5:0.95 = —Z D APPYOI00 )
ON i=l j=0

4.3. ML LER

AR SEIGHT EE i T TR 4G YOLOVSs 5 YOLOvSn A5 K H 5] AAS[FVER LI (SE, CBAM, ECA)J5 (1)
OB AR R F S A AT 55 MR R I, YR TR AR (04 : HERf 2 (Precision). 4 [ #(Recall). mAP@0.5
PAK mAP@0.5:0.95. SEEGLE U4 2 Fios:

Table 2. Comparison of detection performance of different models

3 2. TRIEEEIN M REXTEL

Model Precision Recall map@0.5 map@0.5:0.95
YOLOV5s 0.708 0.640 0.681 0.473
YOLOvVS5s-C3SE 0.716 0.625 0.671 0.467
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=
YOLOv5s-C3CBAM 0.732 0.636 0.693 0.476
YOLOv5s-C3ECA 0.769 0.653 0.706 0.484
YOLOv5n 0.654 0.589 0.606 0.392
YOLOv5n-C3SE 0.563 0.588 0.585 0.384
YOLOv5n-C3CBAM 0.588 0.566 0.577 0.370
YOLOv5n-C3ECA 0.633 0.588 0.609 0.394

6 HE/R T JRIE YOLOvVSs BEAL . =l 5] NiE = AL 1) o 584 (YOLOvSs-C3SE, YOLOVSs-
C3CBAM, YOLOv5s-C3ECA) UL J2 i B AV AR YOLOVSn M HoAH N AR /L AR [ 1% b R i 2k . MR 46 &
2ATLAE M, SRERILE KRG S A TS5 R IAEEZE 7 o JR 4R YOLOVSs A58 R 45 Ay v fiff b S Ut
Ko B H AR, AHLER 7 KIS A AR TR B B AS FE RIS Bl S, YOLOVSs-C3ECA R
BONRH, RAESE 24, BEEE R, I HEZHM/NEAR, R BECA R MM TERS SRR iE
IWIERIE T HEA RS . YOLOVSs-C3CBAM 7E BAREM S5 EEH A — s, BRRmm
TR L2 T, YOLOvSn S 41 S AR B A PR R HE S0 BE AR A v BFAS, ERI H 1) B bR
BED, RIS ENHE, JUHRTEE R 5 T/ H AR R RS BB, e LA XA B SR %
(1 FH 3 5 o

Figure 6. Visual comparison of detection results of different models
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I 5 RIEEA YOLOvSs PLACHE /N YOLOVSn RAIBEALIEAT T RGN LEeE: . Hd, YOLOvSs-C3ECA
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B INUHREUG A& 8 2 00 J5 SR s Il 22 FLoeng, SHEATHEEE /N, SEEEER, @l —46H
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BRA YOLOVSn ERSREG R, R AINLEIAE IME Rt [RIRE L % — @ I Re S THE A, C3ECA #
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