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Abstract

Aiming at the problems of large-scale variation of disease spots, complex background interference,
easy missed detection of small targets, and difficulty in balancing accuracy and efficiency in cotton
leaf disease detection, the YOLOv8s model was improved in multiple dimensions to construct the
YOLOv8s-MSFDS model for cotton leaf disease detection. The MKC Block module was introduced
into the backbone network to replace the original C2f structure, and combined with multi-size con-
volution kernels and dynamic snake convolution to improve the model’s ability to extract features
of multi-scale disease spots. The frequency-spatial attention module FSA and parallel position-
aware attention mechanism were introduced into the feature fusion layer to strengthen the expres-
sion of edge detail features of disease spots and enhance the model’s anti-interference ability in
complex field backgrounds. The multi-scale channel attention module MTA-Net was introduced in
the detection head to optimize the detection accuracy of small target disease spots and reduce re-
dundant computation, which was adapted to the inference requirements of the hardware end. The
experimental results showed that compared with the original YOLOv8s model, the precision, recall,
and mean average precision (mAP) of the YOLOv8s-MSFDS model reached 91.9%, 87.9%, and 85.1%,
respectively, with only 5.9 MB of parameters, and the inference speed reached 4.99 FPS on the Jet-
son Nano edge computing platform, meeting the demand of real-time field detection. While main-
taining lightweight, the model achieved improved detection accuracy and effectively balanced de-
tection performance and computational efficiency. After being mounted on the tracked robot plat-
form built based on ROS, it exhibited good generalization and robustness in real field scenarios,
which can provide integrated hardware and algorithm technical support for the intelligent moni-
toring of cotton leaf diseases.
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Figure 1. YOLOvV8s-MSFDS model architecture diagram
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Figure 2. MAT-Net architecture diagram
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Figure 3. Transformer global modeling unit
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Figure 4. Schematic diagram of dynamic shake convolution structure
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Figure 6. Cotton leaf disease and pest dataset
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Table 1. Summary of the cotton leaf disease and pest dataset
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WEME R E B3 W VISREMLRSE FRas
R 860 3440 3096/344 A
iF 2L 745 2980 2682/298 B
i HUp 875 3500 2100/350 C
BTN 1002 4008 4399/401 D
KRB 974 3896 3506/389 E

e 1545 6180 5562/618 F
] 890 3560 3204/356 G
jsgis 6891 27,564 24,808/2756

4.2. HEBISEFRMER(YOLOVSs-MSFDS)

¥ YOLOv8s-MSFDS 5 J5i YOLOv8s 1A FE M AL 1y i T A AT 55 B BCRBEAT T EE, 25 3
N, ERPERIEZ R WA RN HEEL ST, JE YOLOV8s BEALEEXT /N BER R i B4 2%
ENLAUERG DL L 19 SRS ) fl. L2 R, YOLOv8s-MSFDS HEALE L 5] N fl & 2 R~F B 53]
BT ER ) MKC Block 18, G RE-T 1 2 REE W BERFAESEIRE 77, B AR TR0 AN 5] DK /0N 1) i B
Xik; [FIRS, FERERLA Z AR - 25 [FE R 7 FSA B, sk TORBTIAZ AN REE, fH R MAE &
PR e 2 R EIE R 7] MTA-Net B8] NE—B 0040 T 00/ H AR BE A RS B, A 2B T
k5 Rk SCIRAE R, A SIS N B A R IE RIS G I PL TR J, AR
REER T FRA

4.3. ERM4EE TG EHR

A RFUERZE ., K%, B, Fl-score 2 mAP@O0.5 45 & AN B AR MRS B2, Hh mAP@0.5
S W% J ) B ARTE loU BB A 0.5 B (F-EIsa il pe s [FIRT, it 280 & A5 5 (FLOPSs) fily SR 1Y & I
FERHE R, DAIR RS B AT LRAIE ks B2 [R)if HL 4% R I R B 5 Se i .

4.4, 3FEEIRE

N T UEB] YOLOV8s-MSFDS 1R A 2P, #H 5 YOLOvV3. YOLOv5s. YOLOv6s. YOLOV7.
YOLOV7-tiny. Faster R-CNN. CenterNet /% YOLOVS8 25 8 Ffi4 it H A5y il 529578 [ A RE A6 - o 2
RS LTRSS, SEIRAE AR 2 fin . WRHITLLE H, ARSI YOLOV8s-MSFDS #i %!
EREWIR . HERRANE [ R LT A X b sk . SEUMERE YOLOVS AHEL, A SO L RS i R 42
F 41 A E 5 (L 91.9%), #EMZFSEH 5.0 N E 75 RS 83.6%), HIEIZEIEF 4.0 4N H 5 s (1L 87.9%),
FEAPIE [ 2 RBERAE B 25 1% BN 5 S0eyt: 5 70 3 o SR 1A Rt . 5 E A YOLOVSs #H L,
ARSCERAE A IR NS B nl3e Tt 3.7 M 5.3 ME 4, RN SHE SiHEEBAIEN, E054
TRIEEZE L PRI TR ARG S R B IR R T AT . AT P BRI 592: Faster R-CNN,
AR SCTAE & RS FEFa b B3 Ra4 e, HAH RSFCh 32.3 MB, 1t/ T+ Faster R-CNN [¥) 333 MB,
BEPRC T I RA . LIEE KW, ACHEH K YOLOVS8s-MSFDS 45 L 7 MR 16 I F 5 T AR AT 45
BABEVERRR S, BRRE A TR R T S5 A% 3R 10 [] IR S 0 B vy A DR 52, Sy T (1] SI B 35 s 00 2
CNEEE A UE 5% N

DOI: 10.12677/csa.2026.165202 522 TFEARY 5N H


https://doi.org/10.12677/csa.2026.165202

Table 2. Performance comparison of different models
2. TEMEEBMEREXTEL

BR WHE% EHE%  BREE% SFPPVMB  HHEFLOPs  HERS/MB
YOLOv3 87.1 79.1 84.1 103.6 282.2 207.8
YOLOv5s 86.6 79.1 84.2 9.1 23.8 18.6
YOLOvV6s 87.5 76.5 83.1 16.2 44 32.9
YOLOv7 84.1 79.6 83.4 37.2 105.2 74.9

YOLOV7-tiny 7.7 70.3 73.8 6.0 13.2 12.3
Faster R-CNN 82.3 81.2 80.4 42.4 239.3 333
CenterNet 81.6 80.4 79.1 331 186.8 260
YOLOv8 87.8 78.6 83.9 111 28.7 22.6
Proposed Method 91.9 83.6 87.9 16.7 36.1 32.3

4.5. jERRSCIE(YOLOV8s-MSFDS)

ISR % SO AR E R DT R, AT T IERSEES, S5 AW 3 k. DL YOLOV8s kL
FER, %35 5] X MTA-Net. DSConv (MKC Block)Fll FSA bk, Szigst EN], Hplg] A MTA-Net J5,
P A A R4 TE 0.9%, THEEFKE 24.9 GFlops, IiE T 2 R EERHER G 10 20 fEbsEat 5l
MKC Block, A& 42Tt 4 81%, #HI%KIA 85.3%, KL LR LA G T RIERILRE
A4S FSA G, BOARREfRZE. iR A B 22735753 91.9%. 83.6%H1 87.9%, ALHEZHAL 4y il
PRIt 4.1, 5.0 F1 4.0 NE AL ASWUE T S A R

Table 3. Performance comparison of different module schemes

3. TEHERF ZHMERERTEL
MTA  DSConv  FSA  #EHZE/% FETE % BEZE% ZHE/MB THEE/GFlops

x x x 87.8 78.6 83.9 11.1 28.7

N x x 85.9 79.3 84.8 12.1 24.9

Y N x 87.2 81 85.3 14.4 33.8

N v 91.9 83.6 87.9 16.7 36.1
5. B4

DRI 2 S UM/ HAR IR AR I8, A SC2A T EEXT YOLOVS WX 2% 1) S0t e o % 5k ms B4
FINZ RGBS E /I (MTA-Net)fb, i Dk b -G A [m) RUBE AR, 3 AR 2R g Hh 36 IX 4l Fry Sk R g
73, AER/NE SRR B0 5 DX, RS FEAS 2 15t e SR A A R) 3 25 /0 (FSAWLE, e 25 i B
AR (DFT) $& BUSUARFAE , 5 A 2R 0] 55 IX 3 s A5 S5 R SRR B8 77 5 9 v 320 5 S 44 (R Rl e
I HA5 B R EE ] 73 B A AR(DSConv) AR AL TS A % BE ,  AEAERFRCIURG FEARGL N, 4R S B B, sk
WAERER, 51N MTA. MCK Fll FSA itz J5, oot gl ka2 sEBl 1 A 87.8%%! 90.9%(1) 4 Ft
FEHE N 78.6%I8 = 2] T 81.6%, X7/ Nt HRGMHIRE IR Tikm. AEEETT 4%, H
83.9% MK %2 87.9%, IXHE S 1O HL T X e A A R SR
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