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Abstract:  To achieve accurate identification and removal of weeds during the seedling stage in rice fields, this study
carried out a systematic study. By collecting and organizing images from real rice field environments, a rice-weed image classi-
fication dataset was constructed. Based on this dataset, an innovative and efficient rice-weed image classification algorithm
named YOLOv8n-cls-Swift was proposed. During the image feature extraction phase, SwiftFormer was employed to effectively
extract discriminative features between rice plants and weeds under complex field conditions. In the classification prediction
phase, an efficient weighted classification layer was designed to enable the model to focus more accurately on highly discrimi-

native target feature regions, and significantly enhanced its

ability to capture distinguishing characteristics. The results

75 B #1:2025-04-22
ESTE .5 [ ARIE 34 T H (2023AAC03411) ; 5 5 1% 11 14 demonstrated that, the proposed model achieved a high rec-
X T S BF & B (2023BCFO1051 . 2024BBF01013) ognition accuracy. The precision herbicide application sys-
YEBR—N AFUE(1984-) , %, T EH A, Wi, By BB 5L, TFoT tem for rice fields presented in this study can achieve fully
J7 ] R ARl 3 S R RE D SR R 9E S5 0 A, (E-mail ) automatic identification and removal of weeds, which is ex-
nxnkyyst@ 163.com pected to play a significant role in reducing pesticide use,

BIEE 2 %, (E-mail) lijimnky@ 163.com improving efficiency, and protecting the environment in rice



A5 TR o) K RS 2 L B v PR 4 2 B 1539

cultivation.

Key words:

KR IR E R B R Z —, sl
50% ) N FTERAE T AT AR 2022 ARERA R
B AN AL R , o D 5 LB A K R AR
PR T EKRERAR DT SR A T B DX R R
BREAFFNO0BY B SR PRS2 DA 7 YRR K i
Bl R, AN AL, TER A S RS e i f7
PS8 ik ) R, A AN o 4 A R A A i AR
5 IKAETE K 53 SR I3 FHOC IR BT, 7™ 52 e K A
AN 5, E G AR R AL B R RO T A
TR E B AL 2550, X ST IEAURA = 6, i
A REXS PRI I8 B TS, DRI RS A A Y
BLARALE S U0 1) 4 PR 25, & o AR
A A B BT 0], IAER IR E ST R
KRB B oy AR AL T Y g e e T AL
PR R IBORE ey 175 P&, PEIAR 220 T Ad B
DIEN 2 A/ N DI, P 1) R 8 2 >0 Bk e s A/
DI KR N 2% 5 R AT DR B8 SR 3 A o 2 d 2]
S PR FH KRS 2% 1L 1 20 6 B U0 4328 i BRI Y
PePERIEL 1) 25 $ (B AR AR

FG o3 AT 55 A8 b A — SR B OT7E R Hh &
R AR X R S i TR 2 T
ARFHEHUE ) P % e, B R BE S T
AR )2 BT T A S gl A i
BRI AR AT A 2SS, YT TR
BRI ST E N 2 KT BRI AW
Z% (CNN) 1 BI& 20 28 R 5] 5 % FLEE T Vision
Transformer( ViT) i B0 2 5L 0 5 B
LM B TRE A JE T4 i e 2 A5 A A AR
B BUZ 500 s A Bt Hh S IBURRAIE | e rp A il 22
JC 5 b2 i A R 2T R R 4 N
7T 58 8 R AE iy A\ K AR DG IR , W AR)Z T T
R R, LAV B O 2 B A i, )2
WOt R 1 ER 4y 25 Krizhevsky 550 78 2012
AEHE T AlexNet HAY | Jf—247E ImageNet R
PIRUI5E € (ILSVRC ) Hhi2F ik, B35 T CNN 7E 4]
BRIy T T AL, AR R T ) A
FRAERAR I B, CNN 4 REAR WAk, ImageN-
et Bl gE b BRI e R B D v, AR T
Transformer #8118 7E [ AR 1E H AT 5 L AOSRIAETL,

image recognition; rice; deep learning; convolutional neural network; image processing

Vision Transformer' " ¢ J T B R R 9I4E 55, I AE K
YPGB £ TmageNet B5 51 5 H5 17 41
ViT BYA% O Z5 A GG e BRASE B 57 & i | 22 Sk 78
I HLHI RO 5 22 R 2%, AP AR BRECH rh B A
EUR AL BN — PR E S i IR P, TR & bt
TEFE A VAT {58 A 9 B P 27 20 B — 25 i A ]
i, AR R A IE X R X B B, 2k
FHE B e AR AR ) 23 2o 3 2 A
PR AR ) i THR AR S AT SR 5 e 2 ]
ARFAEARRUE . APl 22 2840 S — 2B 2 R 4
AR FEM T ARG SN AR RSk
DA S BT 0 2 | 223k T R ) R A b
228N BRI, E— AL TR
(RRAE B2 BURE 97, 41 vo 17 R 78 178 G T o 01
WA A —LE 7 k4 G B R 2 M 28 A VIT, FEAK
ViT BRI TH 32 A0[RI &5 5 2 Fh 7 v6 R
Pt [E] SE MR H AR 1 43 R RS IR, S T R
W) 8 AFUIRE BE 1 R A —

UEAER | FE N AMIFS T R TREE 27~ ORI
i B G oy 24 2 Fh )5 vk, Deng %51 BEF
CNN SZBUKFE 7 B B Sh A 5180, Ik 3 1 8¢
e R PR B, B TR BE 2 ) W R S BT H R TE
FEHE Bt I A UK R A 8 BE T TR L T E
KIGREFHVE S, IMEA 1 ST M B oy i 4R
Pt — ARl 2 T 5 AR 4 Syt Ak 1 22 RUBE ARe i il
EIf) CNN AR ST T % 12 TR0 2% F 1 v b
PO, SR B AR B R A R AR LR 5 2R 1 R
TABCRAEAF R, 15 55 BN B — TR 1 % 1]
SRS S T AR e Ul [l N A7 S FR A,
fifpER F SR IR FE i) 2 2% 7 57 A e B 2 s ) A
BRI X[y A 4R T —FhEE A CNN I
Rz W7 1k 20T IR BN ZRAYG CNN BB RS i
AT REH e Ry UIMESS . WFORE T8 | T
FHE BOETR TaT BRI R 928 5k
FeT EH V30 2 B PR, BEAILE B 70% HFEASAE S il
8, AT 309%AE NS JFRET RUR 73 JA5AY Alex-
Net \VGG16 Fll GoogleNet 172 HGTFo2= > | g0 4%
SRR TR A R, RERRAET SR T AT
CNN 2 H A B 73S0 5 12, IR AR 4k b vy



1540 AR N S o 14

2025 4F 45 41 % 55 8 i

— IR RN 2 R B R A S EIR 4R 36T CNN Il 2k
FHR B E AR AR A R A P A
EAFIRBICR . Ao A H [R] 2% i ) 7 i
TE o W 5 5 SR 22 ) il DL St 1Y) 1) 31, A% 2R A%
ST — PR TP 7E MobileVIT M4 Ay H 4k
AR T . XA 7B L Mobile ViT BEH7EHE
TEFEHR M2 h SR A5 B 5 2 /s X5 B
[R5 20 AR D AL A BV ARG M PR AN [ 4
FWE SN ] () R 2E 5, B 2B () EUMN ERA R AR
TRZEZECNN 7k, R LR kA B g
IS T B r RO RIR B A SR b AR A
FLHH SR K AR N REAE I AS 1 ARARURE i iy [t B
AP I EMELIAARLIX 53

AT AL LA BEAL S 2SR SR A A e v H
b, F AN K FE A B R O B AR B T e i
YOLOvS-cls 3" 42 ) YOLOv8-cls-Swift 575, 1
PG 43 F 2 BB B i SwiftFormer' ™) 32 B & {4 4
i, H25 A4 B Transformer 45 %0054 & G 1) 24 (K
FHIE S HAR0JR a8 R AR AR B, AT SE 3R 22 5t Tk
FEFNZREE B AR OCERRIE B R 85 X o i, FE IR
YRR b RPN 53 25 )2
TR BE ] 43 B A BRORN 2l AR S C AL, T 7K e
FNZG A H b T e A A (75455 80 B8 7 21 1 2 S5
HOER X S KA S 42 B AR

AT 5T 400 3 T SATLAR B e AR SR 1] 2% R
FEUETEU 5 58 o7, 328 11 S B /K A 2% B ARG T T R
B, AR TR BN R Tl A
TR REH A SN 2% B R HERR U, IFF8 S TE AL

PEATREUERIZY . TE RS TRR 2% R A TR0 R A7
W RE S AL IR H e 2 H (1038 2 B SE B 2% (0 K
HEVE R, MRS OK R R A, ST ik, Ao ez
KRS 2% BORS e 25 R 45, S T NS CR
LB FORG WG PR 9 R A sh b ek, A B AEK
FET AL Pk 245 18 2850 R DR AP 45 J T A A E AR
SEBUKARA 0 A SR A, By e i e
A SRR I i R R AT X
1 MRSk
1.1 HERIE

AMFFE KR 2 5 MR o B A i RS R AR
Hi s A T R BT AR S K R A S s (37°934 114
N, 106°351 963'E) , >k 4 i [a] 32 22 48 1 7£ 11.00-
1500, EECRAE T o TE AN, SR AR 4 A DIL
MAVIC 3 2505 R, 2R3 EE 2 HE3 1 9201 080,
FEXTEARAR A S R K D 0 K 24336 %336 1Y
A PERHATAYE) 155 6 890 TR EME , SR I5 X531 1 4
G} AN ST g T B 1 M o 0 7 e S o )
BRI LA A b  EUR [R5 7K A
AN bR, A5 245 0 /N T 7KRE 1 BAZ D 3 43
UGB, 75 W3 26 FG DL 2% B AR & A TAR 1, TR
I PR Hp R T RS A o - i D)5k 4 42 [ A 5 231
B, 8 A T e e A5 56 000K A #L &%, AT
FELI8 = 1 1Y LUK 11 7K e 2 B R o 2
AR o AN ZRAE B uEAE AR | 43 56 15 4 800
5K 600 5K LK 600 5K IEE, & 1 & E 5 E 8 5 ik
FET RN B IR o B AR M RGO ]

a.b JIRFEE F e d ARREE T,
B1 kFBEfRERE

Fig.1 The examples of rice and weed
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1.3 REHEBMERERE
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F18.8.0, FEYIZRIFEE [, AGF 52 ffi 1] Python3.9
SRy FEA A8 IR BE 2% S HEZE PyTorch 2R I 25 5 1
BB FCRRAS O 2.0. 1, Ho At — S8 8 B 40T
OpenCV LA 4 4.9.0.80, Pillow it 7 7 10.4.0,
PYYAML JfiA A 6.0.1, Numpy JitA Ky 1.26.4, Mat-
plotlib fftA< Ky 3.9.1,
1.3.2 BEARAK  EI%N B, AW A
YIZRFEECH 100 48, HR BB o4, G R 52—
AEN224 %224 (f FHBEALES T FESRA M M 1 1k
i, AR 2] A e 22 2] B i LA KA R O3
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& b ARSI R L 0.5 BYMER XS BIRRT i 47 45
T, LA 0.5 B R AT Zc 47 B . ASBIFT ik
# SwiftFormer_S 1F A& HE, YOLOvS8n-cls-Swift 7 4
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YA 3.3 12 16,4 A B BURFE &1 14 4
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Swift 1& 4 B Be AL BB 7351 o 3.3 12 16,4
AN BCRHE PR B S 38 GE £ 0 O 96,192,386 F
768, YOLOvS8x-cls-Swift £ 4 4~ Bt YR He 5 3= 43
R 3.3 12 F 3,4 A B BERRAE P i e 18 200
A 128 256 512 Fill 024,
1.4 KXIEEMIER

ASHF 5T 56 B VR 1 R (Accuracy) | Topl HE fifi R
( Top1-Accuracy) K5 W% ( Precision) . 13 7] % ( Re-
call) VI RAERGRFN A BIR B JE 22 (F1-score ) 1E
FRIGFE AR Accuracy 1 Topl-Accuracy W5
A (9) A (10) Fis,

TP+TN

Accuracy=—"""—"——— (9)
TP+FP+TN+FN

S [f(x)=7.]
Topl—=Accuracy = L_# (10)

b TP SRR F BRI B0 A 1E 2 HLSLRR
FARRZE BR8N IR TV JERENS H AR5 i
A TEZAE 52 PR H AR 2B bR 28 R 112 5 FP 5 ik

X H RIS TI A 7 AH SEBR H AR 28R 28 R 1E
5 FN SEFEXT BARIERIH0 y 1728 H SR H AR
PR N, N SRS E (R H AR 2850 N
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TP+FP
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TP+FN
Floscore= 2XPT€CL.SL.0n XRecall (13)
Precision+Recall
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2.1 KRERESEBIFEEMINEER

% 1 /& ViT-B  ViT-L  SwiftFormer-XS . SwiftForm-
er-S. SwiftFormer-L1 ., YOLOv8n-cls, YOLOv8s-cls .
YOLOv8m-cls . YOLOv8l-cls . YOLOv8x-cls FNASH}5F 42
M AT AR K R A R B LR AR L4l
ViT-B s Mt B s th S 80D AR HAE KR 44
HARB IR Top1-Accuracy . Precision | Re-
call Uk } Fl-score 4 A~ 48 b5 43 %] BE ik 2| 88.9% .
87. 8% .90. 4% & 89. 1% , X /KA A B HA —E 1 53
PrRE S, HAHEZSHW ViT-L B Topl-Accura-
¢y Precision Recall VA F1-score 4 A~F8h543 5 REk 2]
93.4% 91. 0% ,93. 9% J% 92. 4% , #% T ViT-B 43 5
BEINT 4.5 AN E AR 3.2 AN E ST AL 3.05 AN AR RUR
3.3 ANA S X R W B SN B I AL e d =
EME B HERG R SwiftFormer-XS £ Topl-Accuracy |
Precision Recall V)% F1-score 3% 4 N8%r 53 B HEA
#) 87. 8% .87. 1% .89. 5% F1 88.3% ., SwiftFormer-S £
X 4 NEHR ( Topl-Accuracy | Precision Recall VL)% F1-
score) 41945 SwiftFormer-XS H4/1°T 3.4 N EH 43 44
2.9 MHIY 3.7 A EH Y FA 3.3 AN EH 5 L Swift-
Former-L1 7E3X 4 1~ 48F5 %8 SwiftFormer-XS 4351 4
T 5.8 AN o s 4.3 A AN R4 T A E ST R
4.5 DA T 2 R ) EUG AR IR R0k Ab
THBRUZTE/NEAR H AR RRER R A, 1
S T RRD H AR BBE Sy, S T KRS Ry
M HERE. YOLOv8n-cls /& YOLOv8-cls 51 h S 4k
B/ BB RY AR 7K R 2% RE 0 O B 4R Ry



1546 H K&k 2% W

2025 4F 5 41 & 5 8 M

Top1-Accuracy . Precision \Recall LA Fi Fl-score 47 HRES
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AR HRETT . ATFTEET YOLOVSn-cls BET
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cision . Recall VL . Fl-score 43 5l B8 ik 3| 92. 1%
89.8%,93.0% LA K 91.4%, #H # T F i B2 A
YOLOv8n-cls 43l #2517 1.9 AN E 481 1.4 N EH 5
ML 8 ANE SRR 6 A a3 s X R IR AE SR
YEURE 7 ARG i REAT AU R AR AR I VAR % . Swift-
Former J& T2 RUEE (1) RMGRRAE $ HURE A R TR A R
JEAE/IN BRI B ARG RAERR AN B IR TR
T AR 2 T AIBE ST . YOLOv8s-cls 7E/K A
JeEL O IR PR IR E4E B9 Topl-Accuracy | Precision .
Recall LA} Fl-score 7 Jil| BE ik % 92.8% ., 90.4%
93.6% VA [ 92.0%, T A WF 5% $2 ) 9 YOLOv8s-cls-
Swift BIAIZEX 4 M 8F5 Top1-Accuracy  Precision | Re-
call UL} Fl-score) I A3 5 HE 5 F 93.3% . 91. 0%
93.9% LA % 92. 4% , # YOLOv8s-cls 43 542 T+ T 0.5
ANESE0.6 NEAFEL0.3 ME AL 0.4 AN E
graie EARTE RN, A RE S WEREN
YOLOv8n-cls-Swift {¥ . YOLOv8s-cls 7E 4 4~ 4§ #r
( Top1-Accuracy Precision Recall A N F1-score) Nl
&5 0.7 ST 23 30,6 AT 43 45,0, 6 A E g s
0.6 F 45, YOLOv8m-cls 7E/KREA4 /M 2B 3
WELE LY Topl-Accuracy Precision Recall V)% F1-score
SRERF] 93. 6% 91. 4% 94. 4% L K 92. 9% , i A<
W54 A YOLOvSm-cls-Swift 763X 4 &5 ( Topl-
Accuracy \Precision . Recall L\ }z Fl-score) |- 1 5 BE ik
F 93.9% .91. 7% .94. 6% L) & 93. 1%, % YOLOv8m-
cls 7 4 4845 ( Topl-Accuracy |, Precision , Recall V) }
Fl-score) A4 F T 0.3 N E 404,03 N H 4345
0.2 AT A 0.2 AN H I3 s, YOLOVSI-cls 7E7K
T 2R BAR IS IFEE 1 Top1-Accuracy . Precision |
Recall V4 J Fl-score 43 | fig 35 ¥ 94.4%  92.8%
95. 0% S 93.9% , T A< BF 5¢ 4 Hh i) YOLOv8I-cls-
Swift 7EIX 4 4845 ( Topl-Accuracy Precision Recall X
Fe Fl-score) L3 REILE] 94. 9% 92. 9% 95. 6% LA
94. 2% , %5 YOLOvSI-cls 433 7E 4 48 %5 ( Topl-Accu-
racy Precision Recall A} Fl-score) I #ET+ T 0.5 1>
FIARR0. 1 AN 40 45.0. 6 AN 43 DL K 0.3 AN E 4y
Mo YOLOv8x-cls 7E 7K A 2% 55 73 SR8 o ik 4 | 1
Top1-Accuracy . Precision ,Recall A & Fl-score 53 HEEiL

#95. 1% 93. 3% .95. 8% L)} 94. 5% , M AT 42
1Y YOLOv8x-cls-Swift 7EiX 4 48 F5 ( Topl-Accuracy |
Precision Recall VL) F1-score) Ay laes R 95.3% |
93.4% 95. 9%V J% 94. 6% , % YOLOv8x-cls T£ 4 45
¥5( Top1-Accuracy Precision Recall VA F1-score) 4y
BHETET 0.2 ANE 2080, 1T AN E 4050, 1 AN E 43 45
DL O. 1 ANA 43 L, X SEEE ORNTUE ] T Bk
AR (1A S8R R BN | [RS8 S i —
A TR S R

%1 Vil SwiftFormer, YOLOVS-cls S A RIZH A ZEE &

KEEES LHIRWIEE - MR LE

Table 1 Comparison of metrics between ViT, SwiftFormer,
YOLOVS8-cls and the research method on a validation
set of self-constructed dataset for rice weed classification

FE)(%)

ViT-B 88.9 87.8 90.4 89.1

ViT-L 93.4 91.0 93.9 92.4

SwiftFormer-XS 87.8 87.1 89.5 88.3

SwiftFormer-S 91.2 90.0 93.2 91.6

SwiftFormer-L1 93.6 91.4 94.2 92.8

YOLOv8n-cls 90.2 88.4 91.2 89.8

YOLOv8n-cls-Swift 92.1 89.8 93.0 91.4

YOLOv8s-cls 92.8 90.4 93.6 92.0

YOLOv8s-cls-Swift 93.3 91.0 93.9 92.4

YOLOv8m-cls 93.6 91.4 94.4 92.9

YOLOv8m-cls-Swift ~ 93.9 91.7 94.6 93.1

YOLOv8!-cls 94.4 92.8 95.0 93.9

YOLOv8I-cls-Swift 94.9 92.9 95.6 94.2

YOLOv8x-cls 95.1 93.3 95.8 94.5

YOLOv8x-cls-Swift 95.3 93.4 95.9 94.6

K 7 & YOLOv8n-cls-Swift 1 YOLOv8m-cls-
Swift BLHEIFEARAF 5T [ A 7K A 2% B BG40 2 508
£ ERIIgRgE R, W 7 il IE H, YOLOvSn-
cls-Swift B P Zfht 2k A UE 5 2k 7 224 100 %2
FERIYI S5 )5 43 I £0510.033 6F10.284 4 (K] 7a Al
7b) , 1 YOLOv8m-cls-Swift #5571 (1) Il 25 453 2 Al IE
PRAEZ 3T 100 SR AR 25 J5 43 0 U851 0.022 1
#10.143 3( &l 7e 1 7f) , 7E Topl-Accurary 815 I,
YOLOv8n-cls-Swift 1 YOLOv8m-cls-Swift 7 100 %
Y5 o W REIE E 92. 1% 1 93.9% (& ¢ Fl Tg) ,
P4 Z S50 Y YOLOv8m-cls-Swift 5 51 2¢ 3] 5]
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Fig.7 Training results of YOLOv8n-cls-Swift and YOLOv8m-cls-Swift on rice weed classification validation dataset

K2 ARMEHEREHEKBRES LHIRERITE LAIERY L

Table 2 Comparison of metrics of different improvement modules on self-constructed rice weed classification validation dataset

” . IR R TES it AR FEHI AN 7R
Bix] n ‘

sl SwiftFormer EWCA (%) (%) (%) TR T4 % )
YOLOv8n-cls X x 90.2 88.4 91.2 89.8
Modell Vv x 91.6 89.4 92.5 91.0
Model2 x Vv 91.1 89.2 92.0 90.6
YOLOv8n-cls-Swift Vv Vv 92.1 89.8 93.0 91.4
YOLOv8s-cls X x 92.8 90.4 93.6 92.0
Model3 vV X 93.1 90.8 93.8 92.3
Model4 x Vv 93.0 90.6 93.7 92.1
YOLOv8s-cls-Swift Vv Vv 93.3 91.0 93.9 92.4

EWCA : S8y 282

Modell FI Model3 43 %] & F YOLOv8n-cls #l1
YOLOvS8s-cls #58Y B JR bR R 8 SwiftFormer,
TE Topl-Accuracy . Precision . Recall L )¢ Fl-score 73 T
IS T HF, BAKIF, Modell B Topl-Accuracy .
Precision . Recall 1 F1-score 43 5| 88 i5 3| 91.6%
89. 4% .92. 5%H1 91. 0% , FHEMERLTY YOLOv8n-cls 7

4AERR SRR T L4 ADNEE L0 N E A
L3ANEST R 1.2 A~ E 458, Model3 1) Topl-Accu-
racy . Precision . Recall VL } Fl-score 43 5l g & F|
93.1%.,90. 8% ., 93.8% VA J 92.3%, % 3 #E 1 7l
YOLOv8s-cls 7t 4 4645 For w4 e 1 0.3 1~ E 7
FL04 A AL0.2 A ST EN0.3 AN A ST R
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SwiftFormer 3 3 He 5 % SRR E SR BURE 127 T
RRRL AR5 3 PR BRI 1 [R) A 0 i 1K
FEEUZ 953 JHE BE . Model2 FlT Modeld 7£ YOLOvSn-
cls Al YOLOv8s-cls FAYFERN 5| A T AMFFEHE H 1Y
EWCA 4323k, SHMERAY YOLOv8n-cls A ., Mod-
el2 [ Top1-Accuracy | Precision , Recall LI X Fl-score 51
LR T 0.9 AN 4R 8.0. 8 DT 43R 0. 8 AN F 43
0.8 A Ir AR, 73 HIEE] T 91, 1% .89. 2% ,92. 0%
190. 6%, 5FHHERTAL YOLOVSs-cls AH H, Modeld (1)
Top1-Accuracy . Precision Recall LI Fl-score /W45
T 0.2 A7 50.0.2 A E I3 0. 1A 20 s A0, 1
ANH 4F L A B BT 93.0% ., 90. 6% |, 93. 7% FiI
92. 1%, EWCA 7323kt i 25 & R Al 73 25 4 1
FUE S50, g5 1 BRGS0 A H bR XS X3 fg
01, BEV R TR A 5 TR,

YOLOv8n-cls-Swift FI YOLOv8s-cls-Swift 1574
SwiftFormer 5 EWCA 7023k 45 B, o — 542 T
TR R PR e, M BT R ME R ! YOLOvSn-cls,
YOLOv8n-cls-Swift ] Topl-Accuracy | Precision . Recall
P Fl-score 535l m 1T 1.9 MAS S 1.4 DN AT
ML 8 ANAZF AL 6 AN IR R TE 4 N EAR BT
BIBEILH] 92. 1% 89. 8% 93. 0% F1 91. 4%, FIHE T
FEYEAR Y YOLOv8s-cls, YOLOv8s-cls-Swift ) Topl-
Accuracy | Precision . Recall V) ) F1-score SRR ET
0.5 73 1.0.6 A E 20 45, 0.3 AN 70 5 A 0. 4
DAL TE 4 A dE AR B i RE ik B 93.3%
91.0% .93. 9% H1 92. 4% , 15 £ Wi f& b5 R B e
R LE LW, SwiftFormer 5 %L 1 FRIE R HURE 1 5
EWCA 73330551 H A5 23 B e KR R 2R
1155 h B B AME, T3 B0 255 W S T T A0
H B G BRI T BB 7 LA SO HAR A 5y
FIRNRE ST, S B AT AYTE S S PERE S T deflt
TP, RIS , SwiftFormer 5 EWCA S5H F 51 A
RFHUEET YOLOv8-cls 7 FIMLAILE KA 15 3 28
55 R R I, MR THI 255 5 RHR Y H A5 2 26K
JESRAE T — R R A A T R
2.3 EGHENEFTHRK

T HEEDULH B IEAS BT 4 Y AR R A A
MESEICS 43 26 68 ) B s T, AWFSEAEE T Grad-
CAM"* i Ak YOLOv8s-cls-Swift 76 £~ E% K
2T EI(E 8) o &l 8 Hia sl o — il KI5
IR R 255 3 B =B A DU 5 S I L 43 il

RFHETF SwiftFormer 25 — B B 54 H AN 5 DU By B Y
i 4 DA Rt I o 26 K i RO L A 8 [ET]
VIE W, A RBR 25 SwiftFormer B 2 9 B )45
TR H S5 W0 14 DX S8 Ry o3 1, AT 93 A AU
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FIRMESR U TE B8 0. TE5R =9 AT &
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ZIHERTE ST, AR R ORI, #2
AR E B B AR AR 1Y [ s 35 2 1 2 A7 43 e 3
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SRR B REAIE [ R B 43 A e B AR v HL 5 B
PI5) ML TS T E AR DX SRR | 1 X T 5
DA JLT- A W . X — 45 R R BT EWCA
3SR W TTHR 8 2k R B AT A B s B D T ST
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SRR R BRI B IX 53 6E
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PR ASIREALHA RER T8 FI0R , R ARE RS
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K 10 & YOLOv8s-cls 5 YOLOvS8s-cls-Swift {ifi
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HE YOLOv8s-cls 1 YOLOv8-scls-Swift 7E 43253k 15
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2.4 REISHANHETR B 8]

J T 2 3Pl YOLOVS-cls-Swift 55325 (1 52 b
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FEFIRYE— R G IG R, 255 =8 BB =B R B e I I, 2 30 B T SwiftFormer 55 — K B i i 113 1SS 0 B BEA) i el L) R e I
e TRV

Bl 8 YOLOv8s-cls-Swift i Grad-CAM T R E E4F 8 K 4HEE
Fig.8 Feature maps obtained by YOLOvV8s-cls-Swift through using Grad-CAM to visualize different layers

9 —FE R AR A BUR 55 ZF RS =342 YOLOv8s-cls Fll
YOLOv8s-cls-Swift ZE4FAE HEBUR 45 5 B3 1

9 —FE R AR A BUR 5 ZF RS =340 YOLOv8s-cls Fll
YOLOvS8-scls-Swift 7E433 LA RN ST

B9 YOLOvS8s-cls #1 YOLOv8s-scls-Swift 1§ i Grad-CAM 7 B 10 YOLOVvS8s-cls #1 YOLOv8s-scls-Swift {# f§ Grad-CAM
MU RIS B R 4FEE AT ER IR S| N £ L 515 B R IEE

Fig.9 Feature maps obtained by YOLOVSs-cls and YOLOvV8s-scls- Fig.10 Feature maps obtained by YOLOvS8s-cls and YOLOvVSs-
Swift through using Grad-CAM to visualize feature extrac- scls-Swift through using Grad-CAM to visualize feature
tion layers

extraction layers and introducing classification head
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Table 3 Comparison of different parameters between YOLOVS-cls
and proposed methods on the self-constructed dataset for

rice weed classification
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Fig.11 A precision herbicide application system for weed control in rice fields
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