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W OE: PR R AR AR, AR R A DN AR BRI R S B R A TR AR R,
FEHEH T —Fh 3T 2G4 YOLOT In [ 497 F A AR RLSL-YOLO11. %, Ju¥e m i &% AR E 4 BRE 71, K
YOLOI11n FF M4 B Nl A RepConv 1) HGNetv2, #4HHH A = F M 4% RHGNetv2. HiR, 5l AT LSKA (large
separable kernel attention) 3% JJHLI BT B SudE B b Ab A B LSPF, A TSR AL 2 ROBERFIE @A RE 7). TR, RA
Slim-neck ZEH AT RFAERLA P48, DARRRBLBY Bk T B R B . |eJE, Wit T — PR B =5 R B it &
IH—4b Rk LSCSBND (lightweight shared convolutional separator batch normalized detection head) , DLt — B RS 5
EATEE R, IR 2 RO SRR E AR IRE 7). R0 Mg i B Skl b, RLSL-YOLO11
RIUHERAZR . HEIZR. mAPys 1 mAP ;s 77N 82.8% 76.1%- 83.1% Fl 52.0%, HIEMERIA YOLOl1In ML, mAP;
H mAP 5095 23 HIERTE T 1.9 F1 6.0 N4> 5 B SH R, THE S 2% AR E 3 0l B IS 12.0%. 14.2% F1 8.9%.
AFEM, RLSL-YOLOI1 A e AR T4 A K B 0 (1 At B T S IR A TSR, O 4 s S5 4G I 1 =21k
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RIS T 83.34% (1) mAP $8hr. WANG 2% B FiT#
VR T R AL SSD AL, i I AR R E SR X
IR 8% &5 440 5 TR B AR A%, SEBL T RH AR 5B H 0 v AR T
. B BT Faster R-CNN M2 7 —Fh TR
BN SR A BB AL, RIS RUZIR RS TR
FEAER SRS R IR 22 = TN T, mAP 24 91.06%.

TEAO I3 FEAT I ATk, B ROPE 2 Al A ) R G e
Az O FebR 2 —, Rk, R TFE B G A, AR
R E bR AT T oL bR E A HEE .
YOLOM" (You Only Look Once) 1 A e FL K kS &
s HERLE R, 0 RS S S v A BRI B
CEROIR L E PS8 T2 B . fildn, pMReE
P T — R 3T gk YOLOVT # AR b 3 A8 ) A Ay
ECSF-YOLOvV7, %A% 28 fili & EfficientFormerV2 3 - ¥
2%, CBAM 7E & 1 HL# . Slim-neck %2 4 UL & Focal-
EIOU i Jk si £, ATt T B BYTE 5 2 i H B B i)
RS o Sh RS0 o N E WAL S, T
— T gl YOLOVS sk 7%, &8I
PP-LCNet EFM%%. 4 mit&E/iHl#] (GAM). CARAFE
R K Wise-ToU #1K bR 2L, TEBRIRBL Y S 4 1)
AR 2 FE T T RGN . VNI 2T 2403t YOLOVSS
L% 27 24 T —Ff A T 209 S8 5 S 3R ) R AR Y
I GINLIR LR RTINS U RRAE 4 7 55 ) 245
(BiFPN) DL} Transformer Fdt, SZEL T AT 152 =1k
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EiREEESRETE, RS E R PGE . HERR ISR T Ak
TR SR EFTE B A R RS, BT
—Fh254 GhostNetV2 E THRHEHEHLUMN 2% 1) it YOLOVS
B, FEAG IR B AN MEEE R R 7 S R R I MEfE .
R IR AR 2 RV AL 5 B YOLO &7
H AR RIS T R AR, (7R SEbr B A A7) T I
W2 PR, B, KRR AR IR (bR AR
oy MR, R HERazE N ENEALE, T
BRSPS VERE S THAL R 1 5] N T B R
HPIRTERER R, PR T AR R IRAZ IR 3 5 1 N AR
T NARRIX LS R, AHIF AR T 0 A KB
TR R BR 4 R ELERE, JFRE
T —Fh T Mo YOLO1 In 1 42 5 2% ] %) 9 5 Ko N A Y
RLSL-YOLOI11, & 7E$EF% %) 55 BIR MIAS FE,  [RIINFeE
CERE A, S 35 S .

1 MG E

1.1 BUIREHIE

AHIE T BT P R A SR e T EUECR AR B R IR YT T
KRS EL A A P S, %3 SR ] KA R s B . AT
REFERFEERLSH A LR E, AT R ERE
Rt fr, R R TEFHARRAL. 5 s HE SR R
32449 5k, Hrr 326 TRAANTF IS, 2123 KAl
X4, A& N 8 B D3400, 14 A] v 2023 4
12 H—2024 /£ 5 H, W E R EGE RN 2 992%2000.
{81 F X-AnyLabeling-GPU #AF- 3510 F & AL A 44 5K
AR E M B A BE AR 2 A g Rk 1 poR, 31
PEEEFEARZEE E 1 R,

®1 AEREINRMNKEST

Table 1 Names and quantitative distribution of grapevine diseases

e TR W
Diseases Number of images Number of labels
FI#9% Powdery mildew 529 2324
FE % Downy mildew 720 1740
JK 7297 Botrytis cinerea 800 1558
Z4HL95 Fruit cracking disease 400 1548
KL AlL 2449 7170

b. B

b. Fruit cracking disease

a. A BEIA
a. Downy mildew

d. FR
d. Powdery mildew

. KB
c. Botrytis cinerea

B 1 % EREERTH

Fig.1 Examples of grape disease samples

NPT B2 A RE T A R S A R, AR
W72 50 N 3 s BN 4 B B s #1797, Bk
W7 aNE: BURBENURR: . BN AL R TR
B RFALIE ., PRI — e R LB T A
TE S AR i R rp SR () 25 (A S R A R 3
LR NTITE: LW it DO R 775 i P VA= -/ I i U
P sm b AR, JEUH MG Bt 2449 KB E 5000 5K .
P ER AL IR 8:1:1 WL BIRI A IR . B0 uE SR AN K
£, INZREBHE 4000 5K B R, B0 UE S AP 4L % 500
KB
1.2 5 &

1.2.1 RLSL-YOLOIlI

YOLO11 H Ultralytics [ BAFF &, i WX 2% 25 1) 35 2L
AFEE T M (Backbone) . FERFFAE A& M4 (Neck)
DL Kl sk (Head) . YOLOI11 fERERY YIS, HEFRH
SRt 2 H R Do R IR R AR DT T S T R E AL,
[EI 5] N T C3k2 BL 2 C2PSA 54 5 I e 1iF 452 BB B
RAEAS[F (T H R I K, YOLO1 #2647 ILAMRA,
HepyOLOln B RAPMSHESITRENRE, EH
FAHE R IR G B G555 REARAY (AR I FE
W PRE RIS BB AR &=, A#TE A YOLOLIn 1
NFEWERERL, AN YOLOIIn BEAY, AWFFR FEHET T
DT G4 it -

1) ¥ YOLOI! 1n J& 3 M 4% ¥ 4 A3 T RepConv £
5 HGNetv2, B RHGNetv2, LA 55 455 7 () 5 AE $2
itz

2) LK 4 55 R = 1AL LSKA (large
separable kernel attention) , HCiFithfb 45 H#), % LSPF
TR DL AR JE G 1 SPPF RS, i ey A 28 56 DX B IX 3k 11
i 92 8 77 5

3) KA Slim-neck 4%} )5 YOLO1 1n [ 20 5 45 1iF
Rl 2 BEATO0A,  DARRARAR Y B AR+ B O T

4) R —MEENS, o RIEEER S ES
fit & 7 — 1k & Wik LSCSBND C( lightweight shared
convolutional separator batch normalized detection head) ,
T &4 YOLO! In S kil Sk b, DLk — 20 32w e
MEGHERE .

2 5 193] RLSL-YOLO11 A 78Y ,  H £% &5 ¥y 4
Kl 2 s
1.2.2 RHGNetv2 £-F MW %

YOLOI1 1n J& = F W4 LEE REE RN FR, FFIERE
HUBE AN, M LA 250U S A 2 SR sz 5 i o s
RGN LGE R, 5 FEOREAVER . HGNetv2
& B AL T B % RT-DETR! Ay il 42 35k
BT ML, AR RS, HiEH Tt
W32 MR 5. HGNetv2 3+ M %% i1 HGStem, HGBIlock,
DWConv 2/, HAZ U HGBlock 71 5t 2 B REALES
fE, RFFIEREHICEEAN:, RNt & vk S T4 L
RISy o it — D4 AR A AHRL B2 3 35 R AE 1 12
WAE 1, HFBEMRM T H BRI, A%
RepConv!"™ [f145 ¥ 2 4k JEAH, %} HGBlock BB AT
ek, IR SO I B Ay 44 9 RHGBlock, &5 #4140
Bl 3 fim. BRI 5 R T 5 YOLOL In A i OG5
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B (G C2PSA JEF IR M F/ERH . C2PSA 4
BLah & 7 IEE 5 A R O ALE], RERE 5] SR T R A
FORBEIX I, IO HIE A I Y e B A R A
M7 5. RHGBlock £ 5 C2PSA fE I FIfER T, #—
Wik 2 REERHERIE, REFREMTTERA MR,
A SCER T ) 2% %of 7 7 R S A P 0 S R B AR A () 4 Y
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¥E: RHGNetv2 Jyeiuidh 5138 £ W%, DWConv iR EEAT 43 BB F L
LSPF Jy itk J5i 13 25 ) & 7 B v AL i s C2PSA Jy HATE R I HL (KRR ik
FRBUMAL B Upsample J9 FRAF#AE; LSCSBND it & B il sk »
Note: RHGNetv2 is the backbone network obtained after improvement, and
DWConv is the depth-separable convolutional module. LSPF is the improved
spatial pyramid pooling module. C2PSA is a feature extraction and processing
module with an attention mechanism; Upsample is an upsampling operation;
LSCSBND is an improved detection head.

B 2 RLSL-YOLOI11 #9 M %2544
Fig.2 Network structure of RLSL-YOLO11

i NInput

B 3 RHGBlock %4
Fig.3 Structure of RHGBlock

RepConv (re-parameterized convolution, =S¥ L%
BO R—Fh i E SR EAR, SRR B HT
PERIRTHHEE AR . HAZ O BAAE T4 5 HEE M B4
R fids: AEUIZRM B Gl 2 00 SCAE M g i Re AR R0 s 1T

TEHEERRY B8 T 2 5 Rk 6K 2 73 52 45 00 S5 U o B
— BRI, I SEELEE M TR .

A 5K RepConv 51 N HGNetv2, X H A% O Bk
HGBIlock #1725, B 7EFIH RepConv ]2 7 32 45 ##
Fhxt /N B FRFFAE R PR IS 7, AT BG 5/ B AR A FE
Bt R St 3x3 ERUZE 5 BNUY (batch normalization)
FEdATRENG, HatEEEn (D f (2) Bk

Conv(x) = W(x) + b (D
BN(x)=yx%+,B (2)

Hrr, (D ABRETEAN, X 2) BN EiHH
A3 Conv(x) FRBRIRMERRLMIBE R, Tk
BZJEHFER, BN(x) IH— A et A 5 o dai

KAEREE R A2 BN AU =t 3) Fios:
Conv(x)- M B

VW
X—W(x)i/é_Mw (3)
_ X W(x) +(7><(b—M)

G v

BN(Conv(x)) =y X

+8)

. BN(Conv(x)) ZEomxf A G B H 21T 15— 1k
A, W(x) FoniN x SERRACE W T BB
R th 4R, MAREE M ES RS RPN 2 NGB

SEIRRCEH 7 (TSI SHEE, b AR
X
KRBT, pRERESY, WX WL R ER S

yx(b—M) -
HBLEE, N +BRyRE R BRI AU S HUE . b

JG, B 11 BRZMYERE R, TS5 3x3 BRI E T
ITEREAE, i @ Fir:
P = Convs,s (Conv, (x)) 4

3 Pout AR Z L PRI FAAL B 5 (1) fe 24 A RFAE 1L

JE, BT A SRR RS SR A AR, 15 2
RHGBIlock, ZZEMIENIZR R 2 0GR, HEERE
NXBHESHNE IR — L.
1.2.3 LSPF 43k

SPPF (spatial pyramid pooling - fast) & 2% ] 4
Tk SPPRY (spatial pyramid pooling) Y —Fh#z 4k,
HUERRAS . B ) AR R s 2 R AR ERL & AN
[F) B 52 B )RR AR, A KR TR0 H bR R AR A I & b
o REZBOHAE SHILZRC TR SR, HifE
BB T e R EUR A TS B LR, Rl ek
W £ H gt/ AR RIMA L, TR IEDF R AR itk —
IR AEAS B B ZE ke o0 e 28] SR = BB o AR
ANBE AN 5 5K, AN IR Rl By B UL FE AL SPPF
L, DLBRAY S BE DX S R R A e R o

LSKAPY & 78 K #% 7% & /1 LKA®? (large kernel
attention) FIAER EoGdkimisR, AlE T “Ki BEzis
Uy BRI . ARG R ST R AE =
BUARTHRT MRS FE, (R A2 BRI 5 R B A M S 5 &
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HHRITH. REEHRAARKNEZE, AR E
G A RS B R ERE, Wi, ExX/NE
PRANFT FIBUBRME R 55, WAL S BUR SIS & R B
B, LUK ERE . LSKA W AR HEIR R (DW-
Conv) FEEEIKEI (DW-D-Conv) 4 fift N7/KFFlaE
B 1D B AL, ST mEmy 54/ BT
A Rl BT BESR MR T KBS B 4y SR 1 = 45 S
FRME, OB T AAMT RS GIN, TERFFEER
BT W (RIS 3 PR T R A, BRI TR M R
SRR,

T LSKA B8 A8, AWFFixT SPPF B k4T tieidt,
P T — AR IMLE PR, 448 LSPF, 2544
W 4 iR . ZBHRAE R FE SPPF £ R RS @l & f 35
(PR b, R = ML 30 A5 8 1 A R X 3k A,
SR XTI BRI OERE ), MR THERLAE 2 R E
AEFEE S b & e FE R 3R B, 3k T H AR I 1 A o

li

1x(2d-1)
DW-Conv
l MaxPool2d
(2d-1)x1
DW-Conv
MaxPool2d
MaxPool2d
1x1
Conv
é)—
a. LSKA b. LSPF

7E: MaxPool2d Ji Kilifb/2; LSKA Ny KA 4B #%IER J1; DW-D-Conv
NIREEY SRER, dAWIKE; kBRI K.

Note: MaxPool2d is the maximum pooling layer; LSKA is the Large Separable
Kernel Attention; DW-D-Conv is the Depth Expansion Convolution; d is the
expansion rate; & is the convolution kernel edge length.

B 4 SKA 5 LSPF 4#
Fig.4 Structure of LSKA and LSPF
1.2.4  Slim-neck Z2#
o S A ] 2 SR P A N PR B AT S, R
FRIETR, AFFAGIA Slim-neck 4244417 23 YOLO11n
1) 200 350 45 AiE @A W 4% (Neck) » Neck & 3 3 T W 4%
(Backbone) S5#53k (Head), AN 172 ERIER
fil A 5 4%0% . Slim-neck 181K % G 5 F1 Conv & ¥ 4%
B RGN GSConv LI EAL, GSConv 454 T FriiS
1 ( standard convolution, SC) . & & 0] 43 & &
(depthwise separable convolution, DSC) 5 il i& & ¥k
(Shuffle) A, H 2R HE# (grouped
convolution, GConv) , A R E G5, 45w
5 Bz . GSConv 7E$& THHE L B (1 R B, fR$F T4
SEATRRIE S 2] SR G RETT .
NI BEAR Neck #53THEITEE, 762 T GSConv
(LA b, K Neck #4311 C3k2 L EH il VoV-GSCSP

M. VoV-GSCSP K F BRI B SR A o ms vt 45
e 6 fion, T SBiAS [F iy BURRAE B2 18 4 2
G, FBR ZRE 5 L RIE 5% B RE R4 15
B IS THRHER 202, P vk SR A R A
454 GSConv 5 VoV-GSCSP, #J#H Slim-neck 2244,

b
AL

LN
finth

Input
Output

B 5 GSConv Ak
Fig.5 Structure of GSConv module

LIPN Input

%t Output

B 6 VoV-GSCSP 43k
Fig.6  Structure of VoV-GSCSP module

1.2.5 LSCSBND #i) 3k

YOLO11 # FI YOLOVS ] fi# #% 3k (decoupled head)
Wi, RIAEAS [F] P 9 28 J2 9 A T S il kar il 3k o X Ff AT
25 A T Ab 3 7 9 R A U8/ 22 IS RS I A A LT
PETHRTIRE B o W@ PR IR 3x3 B —IR 1x1 &
FERPORELHL, HE2IRBSHENTEE I R EY
e Rk, RH—FREEHEEER S EEEE
Krillsk LSCSBND. % F AN ERFFIEM Gt E R, H
—1kJ2 (normalization layer) AAE/A, (HittEIH—1b
(batch normalization, BN) Xf#t&= K/ NEUK, BHIEGIA
BN 2 S8 8 P IME B 22 . g tb i) @, AHt
FUAE % NASFP AL E L 52 s P, 454 C3k2 b 3)
AhRZEERN AR, LGB E R EILEN BN S ih
S, Y BN XL E /N BUR ) . LSCSBND ol
SLEE A 7 B

P3. P4. PS5 M HlRAAFRREMFEEZ, HTR
WA AN H AR . LSCSBND Kl skissk  P3. P4,
P5 FIRFAE R G, SEi@id a7 BN (1) 1x1 L5 R 0@ i
4EFE, FAHPELLA BN 1) 3x3 L= BRI i 2 J0ks
fERE, RIS HE. Bb i BCRHMIACER) 11 &
TG 3 M FENL 5 73 FAE 5%, LTSS TR,
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FIN Scale J2 BEATRFALAH TR, $E TS 22 RO H AR Y
I AE o

»| Conv_Reg Scale
Conv BN > Conv_Cls
P3 —~
1x1
Conv_Reg Scale
P4 Conv_BN Conv_BN Conv_BN
1x1 3x3 3x3
Conv_Cls
P5 Conv_BN
B3 »{Conv_Reg|>| Scale
Conv_Cls
e P3AEREE 3 BARERE, S ¥iiiE. EREM, TR AR,

P4 RIS 4 JZRAER, R, HTRNTDSERNER: P ARRESE
5 ERHER], EERRAC. 1E SRR, AT RIIR H AR,

Note: P3 represents Layer 3 feature map with higher resolution and more
delicate information for detecting small targets; P4 represents Layer 4 feature
map with medium resolution for detecting medium-sized targets; P5 represents
Layer 5 feature map with the lowest resolution and strongest semantics for
detecting large targets.

B 7 LSCSBND A2k %4
Fig.7 Structure of LSCSBND detection head

1.2.6 RIRIFILESTNFE A7
RV & BT #E R 808 Window10 (22H2), I
FE %% 2] HE 424 Pytorch ( 2.2.2) , CPU N Intel(R)
Core(TM) i5-12490F, GPU N NVIDIA GeForce RTX
4060Ti 16GB. ¥4 > % (Learning rate) 4 0.01, 3
# (momentum) A4 0.937, f{L#F Coptimizer) i%
SGD, #itfEixE (batch) 432, HALEZHGE BB
B, Z—ilZk 500 % (epochs), I fx 23T MR £
PG BE TR A o

R K FHER 2R (precision, P). A% (recall,
R) . FHIREEME (mAPys A mAP, s 0s) VE R A
REM EEVF N fabr. A S E (params) . THEE
J% ( floating point operations, FLOPs) . A& & f{ &
(model size) FEEFPMI%L (frames per second, FPS) fE

BT FIR BN FE A8
2 #HBR55
21 ARRBILERITLE
AT WSO AR P RE, AR RIS AR N (8

S ) 2R s T 0 xR AR BE AT U R UL AR TN
EEHE, XS RINE 2 s

#2 RLSL-YOLOll SHAER IR
Table 2 Comparison results of RLSL-YOLO11 with other models

Ry 2% EEIp:S AP, o, ZHHE TR AR FEBYRLE Wi Frames per second/
Models Precision P/% Recall R/% ™ Pos/%  mAPys005% Params/M  Floating point operations FLOPs/G Model size/MB (i-s ™)
Faster R-CNN 76.4 73.4 71.7 41.0 41.50 207.0 167.01 28.0
RT-DETR-R18 85.4 78.8 82.8 52.7 19.88 57.0 38.60 88.4
RT-DETR-R34 86.6 80.3 82.7 54.0 31.11 88.0 60.11 66.2
YOLOV3-tiny 79.6 74.3 79.6 41.1 8.67 12.9 23.20 394.2
YOLOvV5n 78.5 76.6 78.9 44.0 2.50 7.1 5.05 316
YOLOv6n 78.7 753 80.1 45.7 4.23 11.8 8.31 388.6
YOLOV7-tiny 77.1 73.4 78.5 385 6.02 13.0 11.70 219.5
YOLOvV8n 79.2 77.0 81.1 47.6 3.01 8.1 5.98 338.9
YOLOVY-t 78.3 76.7 80.7 453 2.62 10.7 5.84 227.7
YOLOvIOn 77.6 74.0 78.5 44.4 227 6.5 5.53 255.8
YOLOl1n 81.2 76.5 81.2 46.0 2.58 6.3 5.25 243.2
YOLOvI2n 80.0 78.3 81.3 473 2.56 6.3 5.30 149.4
RLSL-YOLO11 82.8 76.1 83.1 52.0 2.27 5.4 4.78 192.3

VE: mAPs, N ToU BIMEN 0.5 I - EAS EAME, mAPs,_os A ToU BIEN 0.5 ) 0.95, KN 0.05 I mAP 9T H1H

Note: mAP;, is the average precision when the intersection over union threshold is 0.5, mAPs, s is the average value of mAP for IoU thresholds of 0.5 to 0.95 in steps of 0.05.

W% 2 frsx, RLSL-YOLOI1 fEHAERfZ . [ %,
mAP s FIl mAP 5405 77 7 15 82.8%+ 76.1%. 83.1% Fl
52.0%, BIEAEREA YOLOL1n /£ mAP, s 1 mAP,s 05 I
SrAARTET 1.9 f1 6.0 N4y . FERMSHE., (FHEE
Z% FE R RIALE 73 R/ T 12.0%  14.2% F1 8.9%. RT-
DETR-R18 7 2 ¥ & /& RLSL-YOLOI11 #: %4 ] 8.7 1% ,
THREHE 105 fE BT, 15 mAPys Fl mAP 5005 [
Febr LI %A B B AT%%. RLSL-YOLOI11 #77E 2 %
N RT-DETR-R34 ] 7.3%, HitHE:ENN 6.1%
(IR, SEEL T A mAP) s AT mAP 5005 KIFEHR

TEAH FCFT I B W &0 5 T, R s R o B 4
INHELE, BEMMEENER, AR5 2R
IR R A ORI, 30T RO, X
R GE JER T B R . ik bR ARG T IR T
o R AAKS WK B 3 R S, 3R 3 XTI T YOLO11n
5 RLSL-YOLO11 fE&J95E LI mAP, s $8br. 455K,
RLSL-YOLOI11 £ fr A 95 35 2800 B3 S8l 78S FEE 487t
KB — e br W BB G B, AT SR T

SCHEAS AR 2 S A I o (K B A BEAR T

#*3 1REFE mAP, FEFRXTEL
Table 3 Comparison of model disease mAP, 5 metrics

7 # Disease YOLOI11n RLSL-YOLO11
JK 799 Botrytis cinere 82.0 84.8
i  Downy mildew 87.0 89.4
E¥199 Powdery mildew 61.9 63.5
ZLF5 Fruit cracking disease 93.8 94.6
SR Al 81.2 83.1

2.2 ETFREITELIRLE

JNGAE RHGNetv2 5 T /0 £ 5o B 7Y 1 G () 42 T 203
AHFFLIEEL T 2 TR ETMEHATHER, W3k 4 P,

MFE 4 AT LA, RHGNetv2 1 TM4% () mAP, s tb
ConvNeXtV2., InceptionNeXt. MobileNetV4, StarNet.
EfficientViT. HGNetv2. GhostHGNetv2 73] 1.8 2.5.
47, 29, 0.1, 23, 14 HEHYE. ESHE T,
RHGNetv2 {4 2.13M, Zf&F Wl ConvNeXtV2 (5.39M)
F1 InceptionNeXt (26.17M) 55 FF- M2, [FIf 715 5 2%
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FEAUN 5.7G , TEFTH T W25 rh B Ab T BAR K, {0
ET 285/ StarNet, (BAEE 540 T StarNet.

x4 TRIETFTMERIMEREXTLL

Table 4 Performance comparison of different backbone networks

FEF ML ZHE
Backbone mAP %  MAPysged% oot FLOPS/G
ConvNeXtV2>! 80.3 44.9 5.39 12.6
InceptionNeXt*! 79.6 44.1 26.17 72.7
MobileNetv4?"! 77.4 434 543 21.0
StarNet!*®! 79.2 45.0 1.94 5.0
EfficientViT®"! 82.0 472 3.74 7.9
HGNetv2 79.8 449 2.14 5.7
GhostHGNetv21*"! 80.7 47.6 3.14 7.7
RHGNetv2 82.1 493 2.13 5.7

2.3 HERIRIE

TEARWIF T, JURAIE S OB o A7 14 e 11 Dk,
1] ¥ i 6 oA 56 VI Sk A R SR E R RE I R . ik
1T 8 k4, Kk 5] N RHGNetv2. LSPF. Slim-neck

1 LSCSBND VUM, PPl A8 0 K 3 AR A 284 25k e
HI50, 2% 5 9 RLSL-YOLO11 A5 84 W ml il 36 %3

MFE 5] LLAS H, AW 5T A 3 H ) RHGNetv2.
LSPF. Slim-neck A LSCSBND ¥J7E A FFE R FRTF T
ARG I B . Hodh, RHGNetv2 7E R /> 2 ¥ &
RUAFIFERS, o mAP,s 38 TH & 82.1%, mAP 505 Fe T+
2 49.3%, RILH RUFHIRESEERE /7; LSPF &7 Tk
WK FE, AE NS B3G 7R & % s Slimeneck Al
LSCSBND U 75 CR- #5465 FE 1) [F) By 3R 46 T 2 B s Al
Ko, B RIFREMER. R&, ¥4 D4
o NG, KK RLSL-YOLO11 BRI ZE K5 B (mAP,
N 83.1%, mAP) 5005 N 52%) FIZEER (S HE 2.27M,
FLOPs 4 5.4G, fHAIKLE 4.78MB) 2 [8]ik F] T 7
5, BOAUE T AR TR BTG I f RN PRI IR Y A 5 T
A 25 A [E A 3

%5 RLSL-YOLO!1 #ALHRKIE
Table 5 RLSL-YOLOI11 model ablation experiments

SHE ]
YOLOl1n RHGNetv2 LSPF Slim-Neck LSCSBND mAP, 5/% MAP, 5 05/% Pf:jﬁil\/[ FLOPS/G Mﬁ%ﬁi@
v - - - - 312 46.0 258 6.3 5.25
\/ v - - - 82.1 493 2.13 5.7 45
\ - \ - - 82.1 482 2.86 6.5 5.77
\/ - - \ - 82.0 475 257 5.9 5.26
\ - - - \ 82.7 48.8 2.46 6.2 5.0
\/ \ v - - 82.8 513 241 5.9 5.03
\/ \ \ \ - 82.5 50.5 2.39 55 5.04
N R R \ w/ 83.1 52.0 227 5.4 478
e N7 FORRAIMT -7 FoR ARSI .

Note:"\"represents that this item is adopted, and "—" represents that this item is not adopted.

24 MRERTHL

A B ARG H 4 B B SRR VE R YOLOT In 458 78 46 11
ZEJ DL K RLSL-YOLO11 R4Sl 45 B k47 vl 44k, 4
Kl 8 Fiamo

KA
Grape botrytis
cinerea

FUB
Grape powdery
mildew

g3 5L
Grape fruit
cracking disease | "

R
Grape downy
mildew

w _.

YOLOI11n

FLIARAE RLSL-YOLO11

Real labels
B 8 YOLOIlln 5 RLSL-YOLOI1 #im) 4 Rtk
Fig.8 Comparison of YOLO11n and RLSL-YOLO11 detection
results

Bl 8 I, YOLO!1n 784 W% 45 R i 5 2L S it
FEE I B ISR SR A IR, 76 K 859 5 76 20 P e il
RN R I ARSI B A R A R HE B AR ) ). A LG
Z N, kS ) RLSL-YOLO11 A 7E & 2595 & H bR i
T kS B SheE vy T A BE T, R EMRE
i aE AL e A B e ) BT FE A
25 ZWiA

NHE— B 56AF RLSL-YOLO11 B R iz (et fig, A
W% BT IDADPP! (an image dataset for IDADP-grape
disease identification) FIREIATIR, ZEIRECLS T
EW . FEE . KBRS 7 s EUE, EE
Horb 2023 sk EGIEAT IR, DKL R Wk 6 fir.

%6 RLSL-YOLOIl1 {88z (k4R

Table 6 RLSL-YOLO11 model generalization results
sl

Models Pl% RI% mAP, /% MAP, 5.095/%
YOLOv5n 77.8 72.0 78.1 44.2
YOLOv8n 77.3 72.0 77.8 453

YOLOv10n 75.3 69.4 75.5 423
YOLOIIn 77.6 72.8 78.2 442
RLSL-YOLOI11 79.6 72.5 79.3 47.9

IR S5 R, Sl J5 1 RLSL-YOLO11 # A 7E H
PRSI RR F AL T e AR AL . AT YOLOL I,
H mAP s Ml mAP 5005 75 A3 T T 1.1 F1 3.7 N HE 73 R
A RADOIESE TR G PR $2 T, Bl 5 P )
MAP, s o5 ARG T HIZ A PERE Y5
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Detecting grape leaf diseases using improved YOLO11n

WU Shichen' , MAO Yuming'* , HU Huizhong' , ZHANG Wenkang' , XING Siyao' ,
DUAN Huiging' , DING Qingyan®

(1. School of Information Science and Electrical Engineering, Shandong Jiaotong University, Jinan 250000, China,
2. Shandong Computer Science Center (National Supercomputer Center in Jinan), Jinan 250000, China)

Abstract: Precise and rapid detection of the grape fruit and leaf diseases is of vital importance to the stable development of the
grape industry. The growth environment of the grapes is also dominated by various highly complex factors, such as the climate
and soil. Meanwhile, there are the numerous types of the diseases, with the complex and interwoven symptoms. However,
traditional detection cannot fully meet the requirements to distinguish different diseases, due mainly to the frequent
misdetections and missed detections, thus leading to the low yield and quality of grapes. In this study, a novel model was
proposed to detect the grape fruit and leaf disease using the improved YOLO11n - RLSL-YOLO11n. Four common and highly
harmful diseases were taken as the grape botrytis cinerea, downy mildew, powdery mildew and fruit cracking. According to the
efficient detection of the YOLO series algorithms, the RLSL-YOLO11 model was achieved in the better performance after a
series of the improvements. Firstly, the RepConv convolution module was introduced into the backbone network. A multi-scale
fusion backbone network, RHGNetv2 was established using the HGNetv2 architecture. The performance of the improved
model was enhanced to capture the disease features at different scales. After that, the disease features were more
comprehensively perceived to effectively reduce the number of parameters and computational complexity of the lightweight
model after optimization on the network structure. Secondly, an SPPF (Spatial Pyramid Pooling - Fast) module was obtained to
further enhance the feature extraction of the improved model using the LSKA (Large Separable Kernel Attention) attention
mechanism. The LSPF module was then introduced the large-scale separable convolution and attention mechanism, in order to
focus more on the feature extraction of the disease area. At the same time, the features of the diseases were recognized and
distinguished in the complex backgrounds, in order to effectively reduce the background interference. Furthermore, the Slim
Neck architecture was adopted to optimize the Neck feature fusion network neck of the YOLO11n model. The feature fusion
path was simplified to reduce the redundant calculations. A high recognition accuracy rate was maintained to further reduce the
computational complexity for the operational efficiency of the improved model. Finally, a lightweight shared convolution
separator batch normalized detection head (LSCSBND) was designed to further enhance the lightweight degree of the model.
The detection head was effectively reduced the number of parameters and computational complexity. The shared convolution
kernels and batch normalization were simultaneously improved to locate and then extract multi-scale disease features. A dataset
was constructed to verify the performance of the RLSL-YOLO11 model. Specifically, 2,449 original images were contained in
the four kinds of grape fruit and leaf diseases. The RLSL-YOLOI11 model was achieved in the accuracy rate, recall rate,
mAPO0.5 and mAP0.5-0.95 of 82.8%, 76.1%, 83.1% and 52.0%, respectively. The mAP0.5 and mAP0.5-0.95 of YOLOI11n
were improved by 1.9 and 6.0 percentage points, respectively, compared with the baseline model. At the same time, the number
of model parameters, computational complexity and model weights were reduced by 12.0%, 14.2% and 8.9% respectively. This
finding can provide a new solution to the precise detection of the grape fruit and leaf diseases. Strong support can also offer for
the lightweight deployment and practical application of the disease detection in modern agriculture.

Keywords: disease; grapes; deep learning; YOLO; target detection; artificial intelligence
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