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Fig. 6 Schematic diagram of SPD-Conv

MF BG4, SPPELAN BB i b iR B[l i
T, e SRS A H P U B ARERE , SISy A 2z
S -t i A TR R 1 B R LA 2 RUBE H b 1 J%
HIRE T, IR S TR

B 7 SPPELAN&#1E&
Fig. 7 SPPELAN structure diagram

1.6 Inner-WloU 5 5 & £

H 5K 0 Fr) 301 FAE [ U1 483 2 o B30 3 4 /)N 1500
T RE R B S SR AE 22 ] 1 1R SR P A AR A 2 K
JE R AL RE A G R Y . YOLOVS fifi
CloU #1 2k pR % , HoAE ToU Kefilt |- % j& 1 8 1 R
(S) JH—Ab L 5 B (D) RS e (V) 3AS LA A
5, DT B 4 17 b A i TOUIUAE 55 L SCAE I AH L, A
R T K5 B A B . CloU i 7 ok
() A TR0 1 I A Bk K - — i, CloU T34 2k
BF T] R AF A B0 B3 2% [R]85 55 — 7 1, CloU XA v
JoR A R H R Y AR S ) e T 2R IR R
J7OBSAFEN | K gl i SR N R BRI
FEBOR, #175 CloU MELAFE LU IR 5T T USRI

A 5% 3 T Inner-ToU 451 2 bR FIOG B 31 7 1
3 o PRI WToU 461 2% pRER A T Sh A V- , 5 24
HEAGJ R EY, 1 SRS Y 7R 5 2% T[] 37 5 v 1 kG
JEFZALRE T

Inner-ToU | FH A [6) )RR i 4 B 120 SATE S 2l Bl 2
AL, T 300 A (8] 0 3o A, R 4 s R L 23 ) e 4

S2

il 4 300 SR L 4 e, 1T e s AR R 2 b e

AT DL R CHEORS e b R H AR . A AR (D)~
() At B B FAE A L B R AR, OF.
O OF OE RN BGh FHE(GT) M A A  EVR
G010, b by 53N R TN RAE R A2 AL
IS, B O AR BRI U BB s BT a8 8
2 FLACH FUAE B O AR AR, oy SR TR 0 A 1)
AR 5w h® g LS B () R S w b
OO 00 FOAE (%) v BE S T s R A R LR, HAE
ST LI, A BOAE 5 I HE 52 AR ], /N T LI, i B HE
SN JEAE ) MR ), KT 1R, Bl BV HE R T JRLAE (1)
G )T

)8t gt
pp=ar — 2><r, b= T (1)
B X r A8 X r
b¥ = yf — , b =y8+ (2)
2 2
)X X
b=x 7u2 r, /7,:1'C+w2 " (3)
h X B X
b=y~ L b=yt : i (4)

2 3% (5) T 55 4 B A 09 52 48 1 S,
min (6%, b, )37 2731 FHE A7 11 SR e/ ML, B T
DX 5 s max (B8, by ) F7R 2 AN SHE A2 i R K
{0, W08 A XA s min (68, 6, ) %R 20 R
A 30 S B/, 6 5 T X BT 3 9 5 max (6, 6, )
FoR 2 A FAE b R R W TS XK 30
T AER6) T B HE ) 3 82 AL S on » " X 1S
P FAE T AL 0 X A 2 U FAE T AL ()
Je o5 TR B F . A 3 (7) R I AE A
FHH T

S ={(min (6%, b,) — max (68, b)) x (min (b8, 6,) —

max (6, 6,)) (5)



50 LRI I NI <3 4

o545 3%

Sunion :<u}gl >< hgl) >< ’,2 + (U,‘ >< h) >< ’,2 - Simer (6)

- S nion (7)

D) Sy Al Bl 370 SAEEE TSI 30 SRAE AT L A3 1 4 22
S, T AR 2% R B0 5 7 AR TR] , Inner-ToU i 22 it 48
510U 22 2™, ST 0, 1T LUt Inner-
ToU $ 2 i FH F 304 JE T ToU 1931 FHAE 11 1) 45 2K o
o AN (1) B, Lgiou Lo Lo 7390 52
Xof IO Bl ) 461 2% RIS, 24 2 (12) 34 T 0 FUAE 5
SIS 22 6] ) S AR RE I DE RC AR E L BS B 71l 3R
7R USRI S RAE | BB BUBS |4 IR 2
AREARSSHR A A T RURN 2 ANHE A - 4 A B 2

Limer—100 =1 J1ou fer (8)
Lier— o0 = Laiou T J1ov — Jiou fer (9)
Lier 1o = Leiov + Jiou — Jiov e (10)
Linncr*])[aU - Il[)[eU Jr ][OU - JIoU nnnnn ( 11 )

BN
IoU — (12)
|BUB*|

WIoU SR FH 2h 25 4 BAE (FMD) B BEEEIEAR SRR AR
ToU PEAl H1 FUAE B o2 0 5 3, IRt T — B B i
JIE 3 25 0 P SO 0T 3 A S T LA 0 R S 4
PR A TR, T T R AR 1R R R A (1 5 5
AT DL 70 2R 5 I o B AT | i e T AR AN Al
WRSY T RRER AT B R A A R AR AR
1) 2 A5 R B AN (] BT S A HE , WIoU e 8- 1A i A
FCE, B2 AR IORG B2, 1 42 v s AR R H ARk
W RES . WToU T4 1 SUAE f4 a1 19 48 2k 4 28 =X
(13)~(15) iR :

A 2+ — Va ’
meU:eXp <x 1;:) (y *y%> (13)
(W+H;)
L,
B==2¢[0, +) (14)
—~ToU
_ B
Lywiou=1RwiouLious 7= PWEE (15)

I (13)HY, Ry A2 TR 03 2R A 19 I 8 0
I3, W H, g 55230 FEHE 55 T 41 FUAE 22 48 1) i F1l
15 0y R PN 300 SAE PP SRR g g A EL S S
HEFPO AR . AKX (14) H, B WIoU B #HA, Ly
MR HARR K, Loy R sh S s ., AR (15)
L R AR L 0 R R 25, o S AU T
¥{3310

AW 5E F T Inner-ToU i Bh i1 FHHE 5 B S0 Y
HEA 2% R 155057, #% Inner-ToU F WIoU fil 5

2 B Inner-WloU $61 2% pRAL , 12408 2% R HE A A0
FHEAIAE B S BOMI RN/ B ARG O BRI M fg | !
R R G AR L R PREE rh e
1.7 BRI GIREFTEMIEIR

TR0 PR BT RN 2 B . H A A Intel (R)
Core (TM) i9-14900K X 32 4b Hf %% F1 Nvidia Ge-
Force RTX 4090 &8 , #24F R 4t /& Ubuntu22.04.,
F 3 85 3 T PyTorch2.3.1, CUDA12.4 I K& Py~
thon3.9.19 #& . FEAII SRS BO% E . LA (ep-
ochs) 24 200, it & K/ (batch size) &2 16, 2% X T2
0.01, BB RST 48— 640X 640,

Ry T PEAR AR AR 1 R 106 SR F 22 4 B A b < A
B 2 (P) FISFE- E40K5 B 18 (mAP@50 ) £ 2 5 50 46 045
B 5 77 AR (FLOPs ) DA M AUE K /INEA R L
SRR I s A IR (R) S WA AL Yl A 155 100 -

2 ZERESH

21 BELINGEERILLSH

R VA AS T 2 Ak SR s o A5 780 i A 2 g,
C2f Dual. SPDConv. GhostModule. C2{UIB.
C2f_Faster 43 %51 A YOLOvSn S5l [ 4% , DL & %
C2f 5} Conv, It R L EAIER R 2 E 0L K& H
BRI B T A R B, 5 RN R 1R . k1]
I, , GhostModule ,C2fUIB ,C2f Faster #x 5 e i & &
TR AIA TR /INUA ST 22 Sl (ARG R P8
e 23 R ] 32 3 B AR, 40 B ok e A e A 9 />
S A R, 2o B2 1) 95 A58 (R R R B BCRE 7, TRkt
AT E R 5 2R PUIME S . MXTZTE,
C2f_Dual Fl SPDConv 5% B 52 5 £k 25 2R F i#h T 17 3
& AR A T T, SOCF YRR R 5 4 R
NI R R . BT LRSS ARHIE S i 20K C2f_Dual
F1 SPDConv 3 [l 4 AL 7E YOLOvSn #5580 v 56 4%
IR, BRI KN T R 2 5.0 MB, X [ YO-
LOvVSn AL HE K/, et AL R 18 31 20.6 %0, K B 5 4
TFO5H 43 8, T HIRE00 EE TRE 0.9 B 4 a5, B IR
R 1.6 /8 43 o5, UE B0 3 4 A SR b 1 [T, B
T M T ARSI B
2.2 HmEEEINGLERITLE S

h 56 31E B 42 Y B9 Inner-WToU [a] I 451 2% o6 £ )
AR FEM 5T, F CloU  Inner-CloU . WloU
Hl Inner-WIoU #E47%F H ik 56, 45 R (£ 2) Wow , 52
N CIoU A F , Inner-WIoU TEAR i % . 73 [n] S 11
PIORS#R A4y T+ 2.8 1.3 A 1.6 T 4% i, [AIA,



% 33

BT % LT YOLOvSn Bl iy T K 4 i 2 BiH s iy 51

1 SIANRERENERE YOLOV n il 44 R3TtE

Table I Compares the training results of YOLOvVSn after introducing different lightweight modules
A LB A/ % SRR/ % KN/ MB TR S TEE /(1077
Model Precision Recall mAP@0.5 Size FLOPs
YOLOV8n 79.7 66.0 76.3 6.3 8.1
C2f_Dual 80.6 66.0 76.1 5.6 7.4
SPDConv 80.5 65.4 76 5.6 7.4
C2{fUIB 73.8 60.0 68.9 4.6 6.1
C2f_Faster 75.2 59.9 70.3 4.8 6.4
GhostModule 73.9 59.8 70.3 4.6 5.8
C2f_Dual+SPD 80.2 64.4 75.4 5.0 6.7

F2 SIANAEEEFHKEEE YOLOVSn Il %4 R 3Ttk
Table 2 Comparison of the training results of YOLOvS&n

after introducing different regression loss functions ¢
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Table 3 Results of ablation tests
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1 X X X X 79.7 66 76.3 6.3 8.1
2 NG X X X 80.6 66 76.1 5.6 7.4
3 NG N X X 80.2 64.4 75.4 5.0 6.7
4 NG X X N 82 67.1 78 5.6 7.4
5 NG X N X 81.9 66.8 78.2 5.9 7.6
6 X N N X 80.4 65.6 75.4 5.9 7.6
7 X N X N 80.8 65.9 76.2 5.6 7.4
8 NG N X N 81.8 67.5 78.5 5.0 6.7
9 N N N X 81.6 68.4 78.6 5.3 6.9
10 N N NG N 83.1 67.9 78.7 5.3 6.9

2 N FRAE TN RS, X R A I RS . Note: “~/” indicates the use of the corresponding module, “ X7 indicates not using

the corresponding module.
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Fig. 8 Training result graph
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An improved YOLOvSn-based model for identifying weeds
and seedling of maize

LU Jing'ao"?, GU Wenhui"?,ZHENG Jiye'?, WEI Guojian®, SHI Song®,
ZHENG Shiling',ZHANG Xiaoyan®

1.School of Physical Science and Information Engineering, Liaocheng University, Shandong Province,
Liaocheng 252000, China;
2.Institute of Agricultural Information and Economics , Shandong Academy of Agricultural Sciences,
Jinan 250100, China;
3.Shandong Academy of Agricultural Machinery Sciences , Jinan 250100,
Shandong, China

Abstract A lightweight model named as YOLOv8n-DSSW was developed based on YOLOvS8n to
effectively control the damage of weeds in maize seedlings, improve the accuracy of identifying weeds, and
meet the requirements for mobile deployment. The C2f_Dual module was integrated to achieve initial light-
weight. The SPDConv module was used to enhance the capability of identification for small targets and low-
resolution images while further reducing the complexity of model. The SPPELLAN module was incorporated
to strengthen the perception of multi-scale feature. The regression loss function used Inner WIOU to assist
in optimizing the accuracy of bounding box localization and allocating weights to anchor boxes of different
qualities, thereby overall improving the accuracy and robustness of identification. The results showed that
the proposed model achieved an increase of 3.4 percentage points in precision, 1.9 percentage points in re-
call, and 2.4 percentage points in mean average precision (mAP) in identifying weeds and seedling of
maize. The weight of model was reduced by 15.9% and floating-point operations (FLOPs) decreased by
14.8%. This model maintained high performance of identification in complex field environments including
weak features of weeds, overlapping weeds with maize seedlings, and similar morphology.Its compact size
and computational efficiency make it suitable for the deployment in mobile devices for controlling weeds dur-
ing the stage of seedling.

Keywords maize; identification of weeds; lightweight; YOLOvV8n; object detection
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