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Lightweight Detection Method for Tomato Leaf Diseases Based on Improved YOLO11s
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Abstract; A lightweight detection method for tomato leaf diseases based on improved YOLOI11s is
proposed to address the challenges of complex backgrounds, large model parameters, and insuffi-
cient detection accuracy for small-target diseases in existing tomato leaf disease detection systems.
GSConv modules are employed to replace certain standard convolution modules in the backbone
network. It significantly reduces the number of model parameters while maintaining detection accu-
racy. The C3k2_PConv2 module is introduced in the feature extraction layers to minimize redundant
computations and memory access through partial channel convolution operations. At the end of the
backbone network ,the SENetV2 module is integrated with the C2PSA module to form the C2PSA_
SENetV2 module,enhancing inter-channel information interaction and global feature representation
capabilities. The UloU loss function is incorporated to optimize bounding box regression accuracy
through a dynamic weight allocation strategy. Compared to the original YOLOI11s model, the im-
proved model demonstrates a 0. 6% improvement in mean average precision (mAP@0. 5) while sim-
ultaneously achieving significant lightweight performance with decreases of 19.2% in model parame-
ters,16. 9% in computational complexity,and 19. 1% in model weight size, respectively. The pro-

posed method achieves substantial lightweight performance while maintaining detection accuracy ,be-
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ing able to provide technical support for real-time intelligent detection of tomato leaf diseases.

Key words: tomato leaf diseases; YOLOI11s;object detection ;lightweight

T — M EEN LY, A Z i
Yok, Tt KSR Tl S 2 B E 2 Z R
NERZE, B L R R RS
RGN 3 BAR A L 5 P N OB 25 56 ) T | AR
B 1 ELUER 2 PR e LA A A lh AR | 512
Ak R HEA A U 3K

B N T AE AR p Pk & J 3 T B B ph
Ze 45 (CNN) TR E BRI B A Ay k49 3 R
BRI T8 de 7 28 0 4T H bR 5k 32
BLOy R WA 2 — 2 T B B A O 5, T R-
CNN'*) Faster R-CNN'*/; 55 — 2 J2& # i B A )
Bk, YOLO™ £ %1 SSD'' 4%, Hivh YOLO
FR 9 B R A0 S s ) o 1 SEEESEAG AT R A
Ay WA P ARG DU S A L b A 49 A 8
ZIiH

T 2250 #E YOLOVS 1 351348 I 2% v % F
FasterC2f FEHLRAR 5L C2f #bh | i 1 A5 7R AG: 0
0 S 2405 3 X (L, (LA TR0 A oAb R R 4R T /N
w5 A AR I 4 L ( DCNV2) i E I
B SR Sk ( DyHead ) 2 T YOLOVSs, A &
TE T RIS B, (HAS A 2 400 AR 3, e
X YOLOVS #E47 e i, R Fl GhostCANet
VR F T M4, B TR A RS 132, [ st S B
THR AR, RANZESE X YOLOVIOn i
AFekatE 32 T —Fh YOLOVIOn-YS A5 46 Ik
JEIRF] 92.1% B T8 & ARG 3 e, R
ZEUHE YOLON In f #5036 9 45 5% - Slim-neck 42
P BRI R 2, BB AR 78 YOLOI]
() C3k2 BB rp i F T CMUNeXt Fbk | 4575 1 A%
RUXE/IN H bR A BN g

JRUEIET YOLO Z 59 B FpAG I 53 2k B s
Tt E N e R R A
i AE AR SRR R /N BR 3 AG E ) AN
JE B S S RIS AN R S I, Ak, AR
P —FhIE T2 YOLO11s (1% 7ih - F s 4%
AR i, BRSNS

D 1EE TR 5] Az EAbE GSConv' P A5
B 1.3.5.7 JZ2W T RAEEFRESFL (Conv)
B SR TR A U B ] 43 B 6 B S R B AR 3R

2) TERFAEFREUZ 5] A C3k2_PConv2 bk
A 430 T8 AT 4 BUE 5, 76 PR 152 R FRAE 12

HRE 1 9 [R5 200D T4 TR RN A7 Vi 0] i

3) 763 T M 4% K 345 SENetV2! ™! B He il &
Z PSR B Ry A [E] TR B ) (C2PSA) BBk, i
f{) C2PSA_SENetV2 B | 1455 58 18 (815 5 22 H.
A SR REIE R IK AR T, ST+ FARR I 4 v

4) 5] A UloU ( unified-ToU ) ") 5 4% pki %t , i
o B AS A 53 T SR W 205 100 FHE [] VARG B i T
X2k H AR B BRSNS 2

1 YOLO11 M 4&EH#

YOLO11 M 28 458 anf&l 1 frzas, YOLO11
FELE T T M 4% ( Backbone ) | 23138 /9 4% ( Neck )
FKE 3k (Head ) 2H WG A = Be A &5 #5031, Hol o
BIEFTET 51 A C3k2 BHRAR C2f itk 5@ A
B R P THRRAE SR BOSCR oAb, FE P 25
[ 4“7 B4 AL B B ( SPPF ) JE Al -, B3 C2PSA
B BRI R R Z 2R EFXFE R,
& Concat 7 5K & Hf 42 A B ; Upsample K7
ORFEREER ; Detect /R AN Sk bR

nv
Conv

Concat —{  C3k2  —{ Detect )
"zUpsaImplc) ( Colnv )

(32 )+ Concat )

C3k2

( o3k2 )y Concat ) ( c3k2 )+~ Detect )

Upsample Conv

=

(32 - Detect )

Backbone Neck Head

1 YOLO11 W& 45H
Fig.1 YOLOL11 network structure

YOLO11s 1%} YOLO11 75 % % 5 57 f 3k
e R T T AL T, oA Yo B AR )
HABAMARR RN, I, A SCHE#E YOLOL1s /FE K
F 5T SFERHAESE



52 % M

¥ I XK ¥ F Ik

%45 %

2 MRy YOLO11s &%

2.1 BiAY YOLO11s #5281 W 48 4544

e AiAE A R v 7 SR LR | W | it
BRI P XS AR i B AR
T/ INBE 55 B8 A T £ A8 A, 2 5t It o 3 R 0 )
T B A (/I B A A R)

BUA At o A D rh A A T H AR R
AN FRIEAS 2 R 2 e T DL R ) — s i
s 2 ROBE A 48 ) g, S e, AR SCXE YO-
LO11ls ¥ 17 2t . & 2%, 76 F T MW 4 v fiff
GSConv B 1.3 5.7 JZH T KA Conv £
e, 38 TR A TR BE R 43 B 46 FURI AR HE S BR Y SR g
FELRFRAG TN A 2 (1 5] ef (g 35 /A A S 4 42
FHSE ISR AR B30 8 1 T A0 5 FLUK , ZE R AiE 4
BUZ% 5] A C3k2_PConv2 #ibe iZAKHFl & T
C3k2 Wy £ ROE R IE R BLEE 11 5 &8 o 5 B
(PConv) "' Hi AR | 38 a3 A% 8 403 18 1E A 7 45 Bllia
AL FEORREZS (R AE 32 BURE J7 19 [R] B+ A 8008 2 o
AV AP AT ) i, JE S IR AR AL o)
Hh ¥ SENetV2 BItR il & 2 C2PSA Bl JE 1k,
W C2PSA_SENetV2 Hi i i 5] A £ 4y 52 R
G ARG TR 1 (W) (5 2 28 BRI A R R R A R
77, W& AR T A 52 2 35 S50 1 % S B 35
FRAE Y 1 B 5 B, 51 A UloU 4 4k pR 8K, 3 it
Bl AN 43 T SR W A 0 R HE [l DRSS B B8 X
g/ B AR R RIS BE . 2C#E R YOLOI 1s
W2 ZE R A 2 BT,
2.2 GSConv ZEERER

B X 2 i ot i A 7 9 U A7 FR A B  1Y)
SRR TR R, 15 G0 5% Ak W 4% R PR 1T 4
LFL(DSConv ) KIg /> SHE T BRI, SR
1Ml , DSConv 75 KM AR 44 A 1 18] B 72 18 1 i

R I8 68 7 0 ek 55 AN B 38 8 1R B A H AN
B PR AIAE G Z A0l 5 50T B RS BE b 3%
TR, RfEIZ R, A SCS] A GSConv 42 i1k
GBI 38 kA B i TR A A B SR W R 3 1 2
BLT, 76 DR 47 52 it A 00 32 9 [) IE A7 R0CTR MG B2
DSConv A2,

(Upsample) ( Conv )

J’( Concat +( 3k2 )i+ Detect )

C3k2_PConv2

(C3k2_PConv2)

(__c3k2 )y Concat )

( Concat ) ( C3k2 )——{ Detect)

GS Conv

Upsample Conv
C3k2_PConv2
=
SPPF
Gtz )--+( Detest)
C2PSA_SENetV2
Backbone Neck Head

2 A YOLO11s MK &£
Fig.2 Improved YOLO11s network structure

GSConv FBEEZEFI WA 3 iR, X T4 A8
HEECh C, BIFHIEE, GSConv R XSy 57 4b B4R
Fa SR R AR SR . b4 SR bR E B B
REEEHCH C,/2 MFEIERE 5 T F & i E
AR RS H BT 5 T 43 3 DK o 45 BRAS B 1 45
TEEIE— LA T IR EE A P (DWConv ) #44E , [RIFEAS
FEERCH C,/2 MR, LB T S5 M
A E IR, P s YRR EE 2 Con-
cat PRAEMEAT B4E , Bl >R FH 18 18 2 HE ( Shuffle ) #2
VEXTPHE G W FR A 1 T BT HES AL, (A5
K AR LIRS SR MR A H., &

I iﬁﬁ}lkzcz/z
P~
” (== ([0

(DWConv)

EiE$c,

(—

E#EE:C2

EiEH:C,

B3 GSConv R
Fig.3 GSConv module structure



% 4 gk F ATk YOLO11s 49 & vt om0 7 & 53

WEEA C, MBI ERAEE IR BT AR
THREG B EZA = 5 PR AR EE i 7 B B
TR R,
PREASTRAT GSConv BRI 2B IFoR A
Teow =O(WXxHxXK, xK,xC; xC,) (1)

C
Toscony =O[W><H><K1 x K, szx(C, +1)) (2)

s Ty T Tgcom 7390 278 A5 S BLHT GSConv
(TR A2 2% 3 s WAL H 4300 SRy s 1 R TR 1) 9
MR K, x K, BRI RN C, I AR
TR 3B R C, i AR AR RIS 2, AR
FTARUELEFN, GSConv 18 12365y H RRAE 8 18 00k
7 AR T[] 2 2% B[R] B 45 S 80
F /D T A B AL AR B A RO
2.3 C3k2 HERA B

B XoF T At R T A A AR R UK
RN VT UGS A L 3 7 R 174 ] R
A5 AT PConv K1 C3k2_PConv2 ik |
TZBEHE 108D TCAR TR AE U 0] B A A5
PRIZS (BRI, o] A OR A AG I0RS 32 0% ] e g 225 4
FHEHEHRE RG] B G LR RIS 8
i (EA S AU ) 2 e SE PR BEE . PCony
(A AZ 0 JELAEUJZE ) FH R 1 TR 30 ] 1) 0 A 1 R A 6
P AU AR A4 38 4338 1 E 4T B o A5 R
VEPRBURFIESS B, T B R E 2 FE . PConv
PR ZEF U 4 Fis

WA it

B
% I

Bl 4 PConv R4

Fig.4 PConv module structure

PConv HJ¥F &5 5 it (FLOPs ) iHHE A
Fpcone =h xw xk* x ) (3)
K2 Frgy 7678 PConv FOIF Mz B h Flw 43
SRR 8 1 BE RN S8 BE 5 ¢, S5 B AR 18
Bk BRI, PConv AR} ¢, 4>l 1 #E1T
GRURAE Y@ ] r=c /c=1/4 1, 3 (3)
AJH1, PConv HYIF sz A [UHPREG TR 1/16,

AT M AR AN

M=hxwx2c, xk xci=hxwx2c, (4)
A= (4) Al 24383 il o 1/4 B, PConv
BN AE VT R) B> ZARMES TR 1/4, PConv

F AR T AR TR R B R AR TR 4

FLF PConv £ R #4 & 1) CSPPC _ Bottleneck
PR W PConv HIBX 254, L bR 1k Gu ik 25 3%
Fz 38 220 3% 22 P U 53 B 1 5 AR AiE B T
71, C3kPConv L #1448 Bottleneck F5% b 5 i
ki CSPPC_Bottleneck 5 , 512 L 4% 1 A (1) RFAiF 12
Bt ; C3k2_PConv2 #i ik — 242 i C3kPConv £
e Ry HoAZ 0 A BT P W 56 46 1 i i AL R AE
PR R, ASCHERIESRTUZ 5] A C3k2 _
PConv2 R BEPRIE T RRAE 2638 09 =F & 1, Gl i
PConv $i A& . ZFEAL T4 785, C3k2_PConv2
FE  C3kPConv 5t FlI CSPPC _Bottleneck F# bkt
ZEFNE 5 R,

(a) C3k2_PConv2 (b) C3kPConv (c) CSPPC_Bottleneck

BEl5 C3k2_PConv2 #1R C3KkPCony R F
CSPPC_Bottleneck #4544
Fig.5 The structures of C3k2_PConv2 module , C3kPConv
module,and CSPPC_Bottleneck module

2.4 C2PSA #EREJIH

Rt 5 AR 37 5 At i i A A
SRR, AR SO YOLOL 1s H C2PSA #5583k
Tiemfbel ik, JR 4R C2PSA HRH B SR BE US4 3L
SR G 0 G DX, (R H R A e Ay, 7
A 3RS 53 B R AR PG A 7 A L R 0

R T AECRFER I B8 1 [] B i — 25 B AR T 5
SEIRIE A 0B A SENetV2 45 4844, SENetV2
JE— PR ) MR 53 S W 4%, A% B 43 J& SaE
(squeeze aggregated excitation ) #t SaE #&HuKf
SE Bk 5 % 5 R A S, 4 . SE B H T 38 FRAE i
T3 BT A, (TR 70 B 6% B - b Al Bl O BE R AIE | 38
b4 R B B A5 R R G TE AR 0 B M AT 42
RN RRIE R IKBE J) s B AR R T — 2P AR
TEFRN , A B T 1G5 38 8RR A 2 R 3RO BE T, DA
M2 R R 43 25 R

SaE BB ZE A il 6 Frow , B dm A FRIE &
PR AEB AL S | R 2 5 3 i AL B E 55 R



54 % M

¥ I XK ¥ F Ik

%45 %

( Squeeze ) FHAIE , B oI5 Ao HARE X B2 200 0 4
4 (FC) J24, SR J5 #E47¥UAh ( Excitation ) 4 | i
— 2> 2210 18 0] B 46 T ( Scale ) If5 4 BURFAE AR
G, HA RS FUZIE A

LN

( \5 Excitation

000000000

Scale

Wi

6 SaE #EIRZEH

Fig.6 SaE module structure

A C2PSA_SENetV2 A iE i 5] A
FF SaE [ 2243 33 18 = I ML, BR 0% W 3 k%
IR AR, I 4y M 35 IO 76 e Y &2
JOBERRAE , 38 o 38 A R A R ) R Rk 1Y
ST, & T X OB AR A DG TR ARl
PR 0% 52 B4 BB AN Rt s A R B AR S 4%

2.5 UloU R m#

B X 2 it R ARG v s SARE [ USRS BE AN
& /N E AR L AN HERA 9 (] B, A SCH] A UL
oU #1k R, UloU i i 3l A5 AX i 43 e 5% W b A5
U 3 7 DAV 5 5 0 A 2 6% 301) v o o 0 0 A
D8 Ty il vellll i

UloU $i 2% pR £ i 1 7] 5 4T 32 ToU 28R 45
G 038 FHAESR | 7EAS SCFE i i i S A AT 55
¥ UloU 5 CloU ( complete IoU) #1454, iz 1T
S5 B e A1) B UToU A9 2 25 4 5 43 e 1 3
N REHS IR CloU £ 171 FHHE 0] U= 5 1 4 JLAw] 4P
efkBE ST,

CloU Dk ToU iy LAl 51 AGRSIIT, 15 385K
KXH

LCI0U:1—L10U+ZT2+av (5)
Hrp

v
:(1—LIDU)+V (6)

4 mgt m 2
Y= o [ arctan (ng‘J — arctan (;)] (7)

K Loy T Ly 739013678 CloU 451 2K Al ToU 4

63

2K 5p J2 TUINAE 1L SCAE Hh s 452 ] A IR G B
d A TN ARE 1 L S AE S /DN A A0 DX 8514 % A 2k
K ;o RHTERNEN Sy 2H TN K
Bt L — B S50 n® R m= 43 ) R ELSEHE Y A
FE n L m 43590 R FUNAE ) K TE

UloU #5455 pR E5 A 42 0 A1) 8T 7 T £ 15 4E ( Fo-
cus Box ) #ILH , 1ML il 38 1< Bl 25 46 it 5 HE S 3
FI 385 AR 43 B, 46 0 3R B0 e I St A b i
FIBhHAS TR R A SR R M 3 ol R e, 4
ERBOTRRIL AN

Pinewr = —0.005 X N0y +2 (8)

T P WATREG N oo, M AT R FC R, T
TR A ST 4 TR BN R A Y 2. 0 £k
PEEIRZE 300 )50 0.5, 1y, BEE VI 1)
FT7AE IR, P > 1, S FAED K, BLRLHS
A R AR A, s S VI e A
T P inea IR/, 2 e < 1B S RAE S AR
I T T ) v o TR | ST A B

UloU 5 CloU MY25A& BEAFF T CloU 7E i1 A
HE TUART 249 5 75 T (A A8 34, ST i 2o £ A HE ML 3
s /N HAR T A s 5 DA R % DX I i) AU e
77, 0 BT R A I ARG B AR E 1

3 KBWERSHM

3.1 ZWINEMESHIZE

SEHIPRE 2R 454 Ubuntu20. 04, 5 2 S HE
485 PyTorch2. 0.0, % F2 i 7 4 Python3. 8. 10,
CUDA(JR7 4 11.8) ; it 7 5 5 NVIDIA Ge-
Force RTX 4060Ti, 16 G BAF, 54T N32 GB,
CPU %154 Intel(R) Xeon(R) CPU E5-2683 v4
IR > R 0. 01, 24 ) R | B N 0. 937,
R FHBEHLES EE T B4 (SGD) , BIS fis A R
BE N 640 x 640 185, i FHAHE 3 0 S5 R $2
BERIPERE , I 2558 K (epoch ) 15224 300, #E IR K/
(batch) &~ 32,
3.2 HERERTENIERR

A FE R FH 0 7 it 0 3 50 S R R T
AN TFRE JE . — & Plant-Village $UIE 4" dhi
Tt o EE s —J& Roboflow V- 52219 %
AR E BRSO RS AT AL B
A 2k K B A T R A DA = 150 e G AR e,
PUASTRIFAERE AR B 5 % 3 REAE T b 1 DXl A7
BYRUICOCA B, B B il 2% 3 5
DK VAN I R B MR 7 A AL L S R A AR o A IR



%48

EFRRE A TE# YOLOI s 89 & 5mvt B m £S48 7 & 55

., Gead BE G R S A0 B0 4R A fd R
Fr R MEN | I RE AR I BEAN G |
- il | VS I R A O RS UL A A At
W E B R, BT 6 446 Tk &M%, R Labelimg 5
R T 285k Ak B 3 i i o R R —
HEAT N AR . 3 5l R 2 5080 4 20 A0 1
m# 1 R,
1 BHMAREHIEESSH

Table 1 Distribution of tomato leaf disease dataset
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Fig.7 Legends of tomato leaf disease dataset
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Table 2 Results of ablation experiment
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Table 3 Comparison of performance metrics of different detection models
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Fig.8 Comparison of detection results with different models
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