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Abstract

Traditional rice pest and disease detection methods often suffer from low accuracy in detecting
small targets, strong background interference, and limited feature extraction capabilities. To ad-
dress these challenges, this study proposes an improved rice pest and disease detection framework
based on YOLOv8 (You Only Look Once version 8). The proposed method incorporates the SCSA
(Spatial-Channel-Spatial Attention) attention mechanism to enhance feature representation. In ad-
dition, WiOUv3 (Wise Intersection over Union Version 3) is employed to replace the conventional
IoU loss function. The proposed loss function jointly considers the overlap region and center dis-
tance between the predicted and ground-truth bounding boxes and introduces a dynamic gradient
weighting mechanism. The proposed method is evaluated on a publicly available rice pest and dis-
ease dataset using mAP@0.5, mAP@0.5:0.95, Precision, and Recall as performance metrics. Experi-
mental results show that YOLOv8-SCSA-WiOU achieves an mAP@0.5 of 0.834 and an mAP@0.5:0.95
of 0.689, which are significantly higher than 0.800 and 0.655, respectively, for the baseline YOLOv8n.
Precision and Recall are also improved.
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Figure 1. Structural diagram of the spatial-channel-spatial attention
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6.1. BGRHSHIRE

A VRSESG R PyTorch 185 2% STHEZE LA K vscode YRS BT & B0 53 HEAT A5 70 440 78 5 91| o B4 D5 1T
K H Intel Core i5-12400F Ab#EZ% . 24 GB RAM A7, F:#5% NVIDIA GeForce RTX 3090 GPU, SZ#f CUDA
11.8 i3 o 34 5 1 K F PyTorch 2.0.0 55 Python 3.8.10. 5 % 1 YOLOvS8n JR A1 84 55 i3k 5 (YOLOv8n-
SCSA-WiOU) I ZR 5 M TAE, iR T Seo i akotE S ERE mtE e T R & R I gRia e . 'k
1P

Table 1. Configuration of experimental software and hardware equipment

F 1 ERBHRERE

CPU RAM GPU Cuda Pytorch python
15-12400f 240G NVIDIAGeForceRTX3090 11.8 2.0.0 3.8.10

6.2. FNIEHR
FKH mAP@O.5. HERIZE(P). A 01 Z(R) mAP@0.5:0.95 SKAPAN R4 Bt A K925 K H mAP@0.5+
mAP@0.5:0.95. #EHf# (Precision, P)F17 [ 3 (Recall, R)VY I H5 A5 Xk A5 7Y (G P BEBEAT 45 A VPl . MEWR
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ARRSLIGUEE T 11 Fl IR KFEE B, MWE KA. Google Images. Bing Images. AV B35 % i
A 3l 2 BB X A TR IE AR R USRI, S N Tk, £E. KNG - 58MF, RAMHEE 4565 KEIE,
HTEGCRIREZ R, JRAGHnsant A, Mk, @& AR ALEG—EW, HUREAGEZERXENS
PR SERIREAE o 3@ labellmg A5 G H /N B FRIEATARE, FE4% 6:2:2 BILLEIKE b i3 B SR BE LRI 23 il
SREE . MARERIGAESE . ARSI EL 4T 7 JE 4 YOLOvVSs 5 YOLOvSn A7 K H 5| NAS[E v 7 L
(SE, CBAM, ECA) /5 1) e AR 7E 7 B 5 ORT AT 55 g e Be R L, PPN PR B4 . HEA 8 (Precision)
H A% (Recall)s mAP@0.5 PA K mAP@0.5:0.95. SZI&ZE BT % 2 fion:

Table 2. Comparison of detection performance of different models

2. FRIEE AN M REXTEE

Model Precision Recall map@0.5 map@0.5:0.95
YOLOv8n-SCSA-WiOUv3 0.879 0.754 0.834 0.689
YOLOv8n 0.818 0.728 0.800 0.655
YOLOV8s 0.812 0.719 0.792 0.646
YOLOv5n 0.798 0.706 0.781 0.631
YOLOVS5s 0.785 0.694 0.766 0.612
YOLOvV5n-C3CBAM 0.588 0.566 0.577 0.370
YOLOvV5n-C3ECA 0.633 0.588 0.609 0.394

AW FiHE ) YOLOvV8n-SCSA-WiOUV3 BURU/E AR PPN R bR EIHUS 1 AR 5, F Precision. Recall,
mAP@0.5 Al mAP@0.5:0.95 7> Hi5F] 0.879. 0.754. 0.834 1 0.689, 4 THi#A#E T JE 4 YOLOvSn 3££5(0.818,
0.728, 0.800, 0.655), VUIRFEARZ> HIFRTH T 6.1%. 2.6%. 3.4%F 3.4%, FEUAET SCSA VEE LIS
WIoUv3 451 5% bR H0H [F) S50k (9 ik o 765 FL AR 2 g g 5 b rp, 800t I R RS AUER T [R) R 41 1
YOLOV8s (mAP@0.5 4 0.792), tH 5. 3 =T YOLOvS RFIB (W YOLOVSn [ 0.781 A1 YOLOVSs 1 0.766).
YOLOV5 FAIER PR EL R HE 5 S AT 5T 2 R —HdlE 5, 2 Shen 55 NAE—SFAT BT 7T[8]. (HAFE
EME, £ YOLOvSn FE#HR AN CBAM 8 ECA VER IHLHIFIBIARIN Z, H mAP@O0.5 4737 EFE S
0.577 F1 0.609, mAP@0.5:0.95 5 &L ZE 0.370 F1 0.394, X i3 B 3 AE A3 13 & JIHLHT 0 51 N ERREH SRk 1E 7]
Wead, B HEMRIMN A f S B0 R R Rt el R e L, AT @ A A BIE B S ALE BT, &
e | 1% — o i
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N T HE B0 UE SO R ) SEBRAS I SR, AT B T YOLOv8n-SCSA-WIoUv3 (14 2)F1Ji
6 YOLOVSn (K] 3)iEAT AT ALHERERT L o A EDLRS UGS R F, SO ALTE A A MR A 3R B AR
SRIMERE, S HE BB B RRRE 0.88 LLE(REIE 0.95), KIIERSHESUE B b k. ROE LG
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Figure 3. Detection results of the YOLOv8n model
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Figure 4. Training and validation metric curves of the improved YOLOv8n-SCSA-WIoUv3 model
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Figure 5. Training and validation metric curves of the YOLOv8n baseline model
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