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Abstract: To improve the detection performance of rice diseases, this study proposed an improved YOLOv8n detec-
tion algorithm. Firstly, the Slim-Neck structure was introduced into the neck network. Ghost shuffle convolution ( GSConv)
was adopted to reduce the computational cost. At the same time, the cross-stage partial network module based on the one-
shot aggregation method ( VoVGSCSP) was combined to simplify the calculation process and network structure. The similar-
ity-aware activation module (SimAM) attention mechanism was utilized to enhance the model’ s sensitivity to subtle color
changes of disease spots. Finally, the adaptive feature pyramid network ( AFPN) module was combined with the head struc-
ture. Through the feature fusion of non-adjacent layers, the color, shape, and texture of the diseased areas were accurately
captured. The experimental results showed that the precision, recall, and mean average precision at an intersection over u-
nion threshold of 0. 50 (mAPs,) of the improved model YOLOv8n-SMAF reached 85.1%, 79.7% , and 83.7% respectively.
Compared with the original model YOLOv8n, the precision, recall, and mAPs, of the improved model YOLOv8n-SMAF in-

creased by 3.8 percentage points, 4.5 percentage points,

% B #1.2024-08-31

EEWA : HK AR EEGTH (32172583)

EE BT WH T (2001 -) , 2, TG ARFE N B+ AF 55 A=, IR 5T 7 1)
HREE: ] ERAE B B ARKI . (E-mail ) 767339849@
qq.com

BIRAEE : RIKIK, (E-mail) suoyina203@ 126.com

and 2.7 percentage points respectively. Compared with
other mainstream models such as SSD, YOLOv7-tiny and
YOLOv10n, the YOLOv8n-SMAF model had higher detec-
tion accuracy, especially showing advantages in detection

tasks in complex scenarios. The improved model in this
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study provides technical support for the early warning and precise prevention and control of rice diseases.
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Fig.2 Disease images collected under different environmental

conditions
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R 8781 SHFCE
PERS Windows 11
B+ (GPU) NVIDIA GeForce RTX 3060 Laptop GPU
TR ST HESE Torch 2.1.2
GPU Jins#% CUDA 12.1
TR Python 3.11.7
YRR A PyCharm Community Edition

YIZEFE K (Epochs) 500
it K/ (Batch) 16

P
TTp+FP (8)
P
TTP+FN (9)
AP=]\P(R)dR (10)
4p= AP (11)
N(e)

o, TP AR TE A T R 1E 28 HL SRR Sk I
FIIREAEL s FN R A5 R0 A8 3 1 I Ay £ 28 (H S5 By
IEZEFEAREL ; FP Ry 155 B0 158 1 I 4y 1 2840 S B
h B BIREARKL; AP N BRE BEAEL; N (¢) 28 51
e

GFLOPS M%&: 1 s 1x10° IR IF SNisE &, Param
FEER SRR, GFLOPS F Param # | 28 B4R
RIS Z RSB0 AR, 7F BAnkeill R, v
ReSEUN RGN = BRI N mAP {5 RS 505 F0
AR mAP RERSLE A 75 FERG 0 R AN A Tl 2R ek /b
FL—FEBR X ARG S R, PR IR DA AR AL R
0P 7N =1 7N

2 ZER55HT

2.1 SINEBREMEREXT B

H T IPAL AR T YOLOv8n TR 5 E#fA P 1Y 5
Wi, 7 AH (] A 3 S AL B N S 50 T R AT 0
W, Wk 2 Fron, 54 YOLOv8n 28U AH L,
YOLOv8n+Slim-Neck 4= F & 0.21 MB , mAP,
P 1.5 AN E S, F 0 Slim-Neck A5 B 38 52 5 2%
() AR R IF 4 R G R 4 BE RS AR DR DT
A SR 1 [ A AR AR R RS FE . 5
15 YOLOvSn A% B AH 1, YOLOv8n +SimAM
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LT 0.01 MB, 58 JF L I E A 0.5 (1 X445 B
(mAP) $25 0.9 N E A& . 4 SimAM & A
B A5 ARS8 in T 2 24 S50, (B H A
REFE AR A T EE T, 54 YOLOv8n ALAYA 1,
®2 IR

Table 2 Comparison of introduced modules

YOLOv8n+AFPN Z iYL F T} 0. 72 MB, 1 mAP;,
T 2.4 DT, KU AFPN Bt Sk R 45
P, RS T] DLTE A 250 b A 3R il 5 ok 1A [ AR
fEERE B .

LAY KW (%) AR (%) mAPs,(%) GFLOPS(G) Param(MB)
YOLOv8n 81.3 75.2 81.0 8.0 3.00
YOLOv8n+Slim-Neck 86.3 74.0 82.5 73 2.79
YOLOv8n+SimAM 83.4 75.3 81.9 8.9 3.01
YOLOv8n+AFPN 83.5 77.6 83.4 11.3 3.72
YOLOv8n+Slim-Neck+SimAM 81.4 76.8 82.6 9.6 2.80
YOLOv8n+Slim-Neck + AFPN 83.7 78.4 82.5 9.7 3.37
YOLOv8n+SimAM+AFPN 82.2 79.0 82.4 11.3 3.73
YOLOv8n+Slim-Neck+SimAM+AFPN 85.1 79.7 83.7 9.6 3.37

mAPsy : I LI 0.50 FSEYIRE BE s GFLOPS 5 1 s 1x10° YK 7 A58 4 ; Param ; 50 ; Slim-Neck ; L5 ; SimAM ; AR B PEATH: 2 bl

il s AFPN ;. 3 R AEAIE 585 M 45

A BFFE 4% 1B YOLOv8n +Slim-Neck +SimAM +
AFPN S48 3.37 MB, L L IR 1% YOLOv8n
SRR 0.37 MB, HH A FE b5 L300 T 4k 45
B YOLOv8n, 5 AR £ A5 4 19 U [R) V F iff— 20 3 7
TR )RR RE
2.2 FEEAWFIRITEE

IR AN 7] 7 AL A R A 5 e T
YOLOv8n+Slim-Neck +AFPN 23515 A SE'*  CBAM™' |
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Table 3 Comparison of attention mechanisms

mAM 73 & AL AT X e, anEk 3 B, fElA
SimAM {ER LG A ALA H, 51 A SE R 1L
i BRA 125 1AL CAA 122 1 WL By R 750 S 8k
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CRE= AR IO R S & I R R e T
Tl A A 2 FHLH AR

Al THHIIE (%) HEFR(%) mAPs,(%) GFLOPS(G) Param(MB)
YOLOv8n+Slim-Neck+ AFPN 83.7 78.4 82.5 9.7 3.37
YOLOv8n+Slim-Neck+ AFPN+SE 80.3 79.5 82.7 9.8 3.38
YOLOv8n+Slim-Neck+ AFPN+BRA 85.1 71.3 82.4 9.9 3.73
YOLOv8n+Slim-Neck+ AFPN+CAA 81.8 71.3 82.6 10.1 3.57
YOLOv8n+Slim-Neck+ AFPN+CBAM 83.5 78.7 83.8 9.7 3.47
YOLOv8n+Slim-Neck+ AFPN+SimAM 85.1 79.7 83.7 9.6 3.37
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Table 4 Performance comparison of different models

WiE  BRE mAPsy  GFLOPS Param

b (%) (%) (%) (G)  (MB)
SsD 83.2 65.9 73.7 628  26.74
Faster-RCNN 68.4 76.8 72.9 121.4 2834
EfficientDet-BO 80.7 74.4 81.6 2.5 7.90
YOLOvSn 84.2 71.9 81.2 7.1 2.51
YOLOv6 80.6 67.9 75.9 11.8 4.23
YOLOV7-tiny 77.1 70.7 777 13.2 6.03
YOLOv8n 81.3 75.2 81.0 8.0 3.00
YOLOv10n 84.0 77.9 82.4 7.9 2.59
Tea-YOLOv5s!'®)  80.4 80.3 82.1 16.9 7.33
Maize-YOLO ') 73.3 77.3 76.3 38.9  33.41
YOLOv8n-SMAF  85.1 79.7 83.7 9.6 3.37
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YOLOv7 B AR YOLOV8n-SMAF ; A BF 57 32 Y BB, mAP,
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5 Param ; B8R
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Fig.12 Comparison of detection effects of different models
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