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RS PR 88.6%, “F3IH [FIFIE 85%. 41X MEBk SR SL &
B UGS PR R K R A N HERA O ) B, GAT L)
HT — M S YOLO-VA R E 22 2] 5k, KA
DenseNet % 4t 3= W 4 LG SR iE B S 168877, %
YOLO-V4 HEAY o (¥ Je 30 HE SUN 138 A Bk SR SR 1 [
TEFRICHE, DGdk G A7 S 4 KE FE BRI 0.15,  REAE 25kl
AN 7] B R o B ot o SR SR N A7 A 3R S s R
ZEE R, HU 2% 5 T —3 YOLOvV3 &5 Mask R-CNN
FEESHIRB EN RS, B4 & B w0 BUER R 1)
WU BE Mask R-CNN W 4% DL K AT 22 ] il A 45 R RRAIE
BT B YOLOV3 [ 284G K BEIA 94.5% LA b, T LA
3N R SR IR BT . EAE P 0K 40 43 F RS A8 7 T
BIXAE GEIR R p 2 i R e DATH B 7 58 1) S B K 5 25 1)
B, CHEN 2507 i1 7 —Ffdi ] YOLO-V9 ek 45 &

PR I RS2 43 B AR, R P R FE AR LRI S
B AT KT, 3 Bh A e R BT 5 S SE bR
KRR A, RIS R, K 1P 35 4 bF iR
%R 0.9 em, “FEIAITRZEN 3.5%. N T IERIERE
PRI TS 5t FRR SRR DA K &5 G R EA
Ii) F4D 0 2 ] AT 43 BB 25 5 B AR A . TR 4 1)
BRI, SHEN ZEUSV 42 H 7 — Rl T 20t YOLOVS 1
BRERERGILE HEREL, B2 REEEN
TRk, WY SR AR T A, R 5
FAE A FE L 0.5 B 35085 BE 43 il i 99.3% 5 99.5%,
B SRR 2.3M, EHTUGEEEE . HENR
WML RIS, B RE AR SRS R RHE
LR MRS S, kSR T — T
YOLACT S5 43 AR5 58 67 J7v o %5 70 ik A R
O B 5 RGN 5y B 45 A TR AR R, SRS s R B
AL, R S ) AT R TR R A A7 . iR 45 SRR,
KA AR BRI R IE 98.07%, ALFHIE R 21 Mifs, K
W INRIL 98.15%, WEHTF T LS ML IREE N 1 R4
ROR G SV X ARIREE N 3 JLOR A 4558 AL 2 A

RS AR S B S Akl E SO RO SR — AR T

SR
Complete
harvesting B8

[FENES
Mother
stem
retention
harvesting

ERU a2
Sample 1 Sample 2

[gl u%%%w%‘:u%&g%n

H Ax X 38015 S5 %) 1) & 2k07 ¥, K MobileViT-Seg
B 25 & i B it 5 2 R MAG RS 88, fEE 3
5T SIS B PR SRR B 20 1, X S X g A 15 4
A DA SR A R A bR, B 2SR RGB-D {5 B3R =
deihrE. IR, ZBEEERELFER, P
LHEIE 89.79%, K llIE £ 100.06 Wi/s, KA i€ hiF
BRI Z0N 90.80%, ASER B BRI IE T TS24
R FF

X EIRMEL T, HLas NRak s B n, 78R
PRIAE, SRVSORS FE 22 55 )i, T O0A 10 58 0 it R B
YOLO % #1584 e o 3 oy 380 0y (14 4RF A0E 6 - 35 X 4% e 1
TEEDN BARE S RIS RIS, R B 1458
P %4, 1 YOLO11 {4 Ultralytics FBAT- 2024 4£ 9 A
RATM AR, ERHESRICRE 77 5 TF 5205 5 T S
TP AR ALEE N C3k2 ik, fLALH) SPPF
SR B ARARAT I Sk S BB BT, E TR AR i S 1 [
B — B EE T TR IR B, HASE AR B A RENLI, 32
FeEHFRROI. 228 BT RIER H Rl %5 2 Fiit
%, BRMAREEERNE, SATTET YOLO! In-seg
Gy B AT St A R BB A SR A AT N 5 Oy
B I HE S 2 BT, SR ELHE AR I OCBRE S A B
fEE, P F R NS HEE LSRR AR 8%

1 BEERESIAE

1.1 HIERE

AR H 2025 45 8 H & 9 H TP Lol R B fii
H 77 5 ik b R 4 P M5 5 &5 6 SR A I AL A 4tk ot 5 8 B
JENERNBE KRR, 8 “OkkR” M “EBEEER”
PRI, HE 3309k, ARG RE TR BHEEWE 1
. PARIAEE NE S, kR BET, B
bR, ZHESE, BROHKRKEESR, “HHZE" BRT,
BRER, HAEAK, SRR, 255 6 REEERY,
HAs R FRBEZEBUEMIA, XK.

NIE] a4
Sample 3 Sample 4

P FHARE

Fig.1 Images of asparagus plants under "complete harvesting" and "mother stem retention harvesting”

1.2 BURSEHIME

HSEEH] Labelimg #PFXT B R #EAT PUALEE, 1% TR
RENS i ROt S B 7 BUE S5 BV AR E Bl . ik iE
X PG A — PR B SR MSObR HE PR 7 55 100 5 e R R AT RS

Brid, bR 915 MK, RN R R BRI R,
HlE 74— MARETE . B E PN E S AN EHFR
%%, Bl “asparagus” (F95), ARyEam R WIE 2 s
FRVE TSRS AT I E A, W bR RS R R A S
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IS EE, R EE EORS A o H AR B R R IR

B2 #HETE
Fig.2 Labelimg example

NS E R 52 RE T, EER LS
MRV R TR AR A A2 A H RGN A H PR B 4
ZRENER, TREBRSRER, o8RG 8%
7020 VRIS BRIESERINRAE, ARl 231,
66 A1 33 KR . BEJE, DAEIZRB BOW I 2R 5 R HI4E
LHAEIG R, o TR UE ANz AL B VPA . EdE
9 T Ultralytics YOLO HEZESEHL, 32 B AL FE (A 1 1
O MAEIE, PR, 488N Copy-Paste 55 7771%; [
i Je ] RandAugment®' (5 B3 55 S, @t BEALAL &3
SR ISR IR, WG R R, 1R
A B IR R 5 R & RIBE ). BT a0 1 5k
RELNETT N, NEINGH BTN ZREREILEH, H
ANEE RS [ G AR ST, DRI s A B S IR . T
UEBE AN AR 1 ] e A AR

2 YOLOI11n 7 EIH8 8 52t SR g

AT FELL YOLO11n-seg A FE LGRS, $2 H oedk 1)
YOLO11n-SAL ##Y, #ARNEZLUNE 3 Fius.

C3k2-MEEM

Concat

U 1
psample Conv

C3k2-MEEM|
Concat

Concat
C3k2-MEEM

U 1
psamp’e Concat

C3k2-MEEM

E: C3k2-MEEM DBt () B BRI SR ISR, C2PSA-SEAM & 2itidk f
PR BV R WU FRFE SRS . Upsample J9 L RAEHRAE: seg A1k,
Note: C3k2-MEEM is improved significant feature extraction module; C2PSA-
SEAM is improved feature extraction module with attention mechanism;
Upsample denotes the upsampling operation; seg refers to the segmentation head.

B 3 YOLOI1In-SAL #9 M 2454
Fig.3 Architecture of the YOLO11n-SAL network
TEEGHFARIT: D S grHm LK. BE
PO S RV R P, A% SRl SRR AN 20 81057 5 5 BUR A BOE

RifwZE, AR BB SE R, ST EIHED 1)
20 B, #E C3K2 HFEfil b f N 22 R A0 25 1 o8 b
(MEEM) B3, JFE RS (Bottlebone) 45y, 2
i C3k2-MEEM L8, & # #i# (Neck) 3 F P 4%
(Backbone) [ C3k2 #ibl, DL il itor&|mE, 2
TR B AR . 2) ST 7 58 Sehr i it f v
SLERHFAEAS B B L S0, H AR R ST BN S B0
SN B 5 1 5RE & S (SEAMD B, If e
C2PSA R [k B 2, R 2 ROBERRAE 1y 8,
PR LRI B 4 ) A
21 REZREDSIEEER

FETF WL ST 10 H bR AR, — R [ 126
Rk, PR T X HARD G AN AE 45 B AREL, SR TE
Xof 7 A G Ay B, AR AR R BRI . X S AN T B )
R, W KB 6T O B R AE AR ), A HIE AR A AE R
Bottleneck H1 1 55 AN B 4 o 2 R B 0 Sk 1 o A
B (MEEM), # #t C3k # I¥) Bottleneck, 4% C3k2-
MEEM #8e, B F2& N T M EUG P BOoF a2 ]

JFEIALZA5 8. MEEM AR 4 .
iy NInput_| Floca w F E
: AP |F !
| Conv o i
: | :
i AP |Fs . |
i Conv onv i
! I |
o -
H Conv P E
it
Output

FE: EE NIZIMSREE, FO N NFHIT: FE(r=0, 1, 2, 3) N RETF
MRAGHHAE: Fee(l=1, 2, 3) AL RMBH & REDERAE. Fm
J9 MEEM &5 th A GORIE s ¢ Ron BB 4 2 R AR IEPHERAE; AP
ForFHAL.

Note:EE is edge enhancer, F° is the input feature; F ¢ is the edge features at
scale (1= 0, 1, 2, 3); F{°(l= 1,2, 3) is the enhanced edge features output by the
enhancer at each respective scale; F™ is the final edge feature output by the
MEEM module; ¢ denotes the feature concatenation operation along the channel
dimension; AP represents average pooling.

B 4 MEEM %4
Fig.4 Architecture of multi-scale edge enhancement
module(MEEM)

PREUFERFAE Foc A F P B Al A 1< 1 B ARTEA A R
[ENIRBUAGAS B Fy, Fiunpifsi@d 3 9 B (s
BT REE, RBRIARRS T RUERIEF,, . R
FERIRHIERS G 0d £ T S G i 2 b 2R, 34 5 2 ad v
SURFAE S FF b 8 R 2R R I G B2, P ad
b 1< ARG 22 3 He s AN A5 2 B H 48 5 S 1)
fEF, HHEINEL (1) ~ 4.

Fi=¢1a (Flaml) (1
Ft, = AP(¢,,, (FY)),0=1=<2 2
F{* = F{ — AP(F}) (3)
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Fe =¢’1X1(F;dgf)+F; (4) B HEAT 2@ E AT, 4 0 v = Sy PL ) 1 5m AR AL,

F"™ = oo ([F5, F1 F5 FS°D) (5

K Kol 1x1 BRUE, AP o] 3x3 & HIF
Yibtt. ¢, R — M EIH—1b 5 Sigmoid ¥ BRI 4L
1 1x1 HBRE.

o5, W JE AR SRR 22 RO 38 ol R AE 3 18 i 4
P, s <1 BREE, AREANZ R ELS%
BORRHIEF™ , ZFRHERER B T AN F REEMIAZ 451, X
TSR AL Rl T PR XS A
22 SIAGESEEFEINE

ER ARG F, MAREHEEZER T, 8T
R EGA TR, FINAAAES HArZ B ES, AHIE
£, ORI T RIALRT I A EI R, MR RER S
B BB AT 40 5 RS 17 55 N % (] 5 8 T8 R AE 1R DR B
M LA 25 AR R 7 5 D B R IR 4 i) R

I35 5358 F = JIHLH] (separated and enhancement
attention module, SEAM) J&—F H £ ik = I ls, I
T 22 A0 AR B RFAE fik B DA B — S0P T ) Ak ke 18 9 455 A0 6t
SERRFAE (R BR N, DUIE SR B A8 B 1 e 1t ATV AL R
SEAM HEZRUNIA 5 For .

_______________________

1 1

1 1

1

i Patch embedding 1

[f i | i
| | GELU :

CSMM N i

Patch=8 A BatchNorm !

! !

ES ! Depthwise i
> 1 convolution i

1 1

1

Average i i
pooling ! |
1 1

1

E BatchNorm '

i i

1 1

1 1

1 1

1 1

! e i

N ! ointwise i
€ @l 1 convolution i
exp I !

! i

! i

| i

! i

SEAM i :
: 1

1 1

1 1

1 1

_______________________

B 5 SEAM %44
Fig.5 Architecture of separated and enhancement attention
module(SEAM)

i N5 AE B 1 Jc @it CSMM (channel and spatial
mixing module) FJRFAESG 31 . CSMM K H R FE nJ
rEBRGREEEME SRS 8%, WEBRE
AN IEIE A OSSR (R AE, DA B R A Y S 7 1)
B BE, BRENEESEEERGE, @0 e
R ERIE

B J XoF Ab B S B R AIE HEAT 4 JR) ST 2 Ak DL 446 7 1)
B, IR R EE R AT AN PR IR R M
2616 BV 06 R TE R A s 12 EE 2 4 Rk B0t
AT ALALEE, K LA [0,1] BRI 2 [1,e] DAKG 92 0S
AR ZE RSB BE, B RCE 5 JE R N RHIE

MTTTA 288 TS R A 2437 357 T 1) 22 FRUBEARFARE 10 7
3 RESERSH

RN BB AR T G AR R B R FLGEAZ O ) R A
RAR, BEE T AR H AT S5 R
3.1 RIWIFE
2 R B IG0 Ffd FH AOASERY,  B iR A /N St
REE, FTUAARBE R — & = RS LTk, FrE
FA IR 5 28 BOREA: . BRAE LR 1.
F1 REFERE

Table 1 Experimental environment configuration

g Hardware A Software

CPU:16 1% Ubuntu 22.04

GPU: NVDIA-GEFORCE-RTX-4 090 Pytorch 2.5.1
W77 Memory: 64/GB Python 3.10.12

A7 Video memory: 24/G CUDA 12.1.1

BeAh, REEVE K i B G AR B AE F Opency &, URSH)
5. WX KIZ1TH7E PyCharm2025.2.0.1 158 e
3.2 N ERR

AW T K VY $5 A5 R KE #E 2 Cprecision, P) .
HIEZ (recall, R) “FEIFSEBIE (mAP)s F1 mAP) s 0s)
BT A 70 A2 H b R W0 RN S48 43 1 5 AN 45, AT LA
PEAT FE AR NILHE (Box) 845 4 | #E % (Mask)
Fabr o

T2 HE K B R0 E 73 [ 28 43 gl iy A 25 0000 1) i S AE
W 2 /b IR R LA AR A B 4R 22 /D SR A
(0B bR, S ARG D 7 A R e B o S T SRR 1Y
B3 R 7E AN R A2 I LU BRI R 1H 5585 2800 1 3404 i IR )
18, & TEASRERILE B AL 238 A RE 17, HERD RS
P ARG A Bl R G R P FI 5 R, A w T p 4%
FERDIEAR 2 55 1 (R R P R B S sl il B e
TR - S50k B A A N S0 3 BT 55 A% o fa bs, i —
WAE ARG A I LU REL R X 5% 2500 1 2 1) 1 e 3R AT 45
BV, AT S WU R TR R 4158 B0 20 ) iR .

33 REHE

4 T PE Al BT B U YOLO! In-SAL #4574 (g v fig
EHCHHET YOLO R4 HA AR 1 4% i AR B Skt
v, 3% YOLOvV8n A1 YOLO11n. XS4 HY 4 51 RHIK &
BRI, HHEACE. SEEEHIMEE R
[ EAR TR, [FIR SCRESLf BT S, AR
(RS IR B2 5 S A -

Ak, AAREG R IR 22 I B 7%, 9 YOLOvSn.
YOLOv!1n Jn#k H & 77 & A @) W Il Zx AL =, 7] 1,
YOLOI11n-SAL # & 45 % H YOLOI1 1n [ Fil Il 5 AL & 5
YOLOvS8n. YOLOIT1n #E47 Il &k f B AIE 48 bR G5 LE o [F]
B, RS A LS M, AT T A T Ak
WIS, BeJa, N T IRUERLIY 1 = I BRI 4 K
F BT T AT BRI AR I 43 A
33.1 RES>FIRA )| %5 e F 3tk

7EAH FA IS PO R B 8 A s SR AT U 25
WEREFE A, batch %4 32, epoch A 300, H&ET
BRI S N GERE, W& 2 fin.
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R T ZE B0 UE A BRI ) R0 B 4 R LI 6, BRI

XFEEE R UL 3.
<2

NGB E

Table 2 Training configuration

24257 Hyperparameters types

H A% E Configuration details

N EE RS Input image size
itk 4% Optimizer
8% Hsv_h

YRR 1% Hsv_s
“F-# Translate
JiEFs Degrees

4 Scale

640%640
AdamW
0.5
0.5
0.1
0.1
0.1

AT F 25 T5 1 BE 48 Ar X B W] A, YOLOl1n-

= YOLOvS8n-seg

-~ YOLOllIn-seg

SAL (1) TP GE#0 B &A1 T YOLOv8n-seg Al YOLO1 In-
sego TEM A MIIRE AT N, YOLOI11n-SAL 7EIUHES br
MRS AE bR B3 FraR T, Ml FEHERT I ) 25 TR b >k
&, YOLOlIn-SAL ) % Bl & A4 5, 30 AR 4G B
(94.2%) FALAHEH B (83.1%) HIET AAMEA N
TR, X R ZB B E H W — AN X IR T A R
PALAR B 5 (R ED [RE ) FEUE T P,
A R T W B8 e LG B AR GRS ) ). 2,
H:mAP)si& #] T 91.2%, it # YOLOvSn-seg i 86.5%
F1 YOLO11n-seg [f] 87.7%; TE 5 ™ 4% 1] mAP) 5.5 I #5
FHIEE T 76.2%.

— YOLOI1In-SAL

1.0 N o 1.0 1.0 1.0
A bugant et . TRV IO
fod il ;\4 R :‘Fg:"z"y..l‘ i N LA Loak a Ansd “.‘; N T
& 08 1:. T HR & 0871 A‘Aﬂ“;;_‘;:is‘u‘_,‘.ae";.3 038 e
M =1 e A 1L o L o
2 06 S 06h) 206 3
3 [~ {4 a8 A e
= I bl 1 < | (=™
-9 i a byl o Lol | <
& 04 Lo £ 04 it <
£, Moot 02 [
‘. i
0 100 200 300 0 100 200 300 0 100 200 300 0 100 200 300
4 VXEpoch % VkEpoch 4 VXEpoch 4 ¥XEpoch
## 1% Precision A [H] % Recall mAP, mAP ;05
a. A FAER
a. Box detection
1.0 1 N R 1.0 1.0r 1.0
a4 A (YT
2 it et A T
0.8 ¥ H.:‘:--ju i I 08 f oty 0.8 | | LAritEsintiaaan 20 0.8
N L4 s R [Tageel ! .
£ 06 S o6 o2 067 b 3 06F
S o4l 5 04l 3 04-*‘*: SEC04-
£ 04y | ~ U 711".’ : :“-w g
0214 o2 f 1 0.2 H 02| 14
" At 3
0 100 200 300 0 100 200 300 0 100 200 300 0 100 200 300
X Epoch X Epoch # XEpoch X Epoch
i i Precision A A% Recall mAP, mAP 5 o5
b. fERG 5

b. Mask section

H: mAPys RN ToU BIME A 0.5 BHESFEIRE FERME, mAPs.0s RN IoU BIE 0.5-0.95 B PR EESA(E. T .

Note: mAP,sis the mean average precision at IoU threshold 0.5, mAP .5 is the mean average precision over IoU thresholds from 0.5 to 0.95 (with a step size of

0.05). The same below.

B 6 YOLOv8n-seg. YOLOIIn-seg 55 YOLO11n-SAL #99)| %4 R 2T 1k
Fig.6 Comparison of YOLOv8n-seg, YOLO11n-seg and YOLO11n-SAL trainning result

*3 RBIEERRIL

Table 3 Comparison of model validation result

it T FHEAR I Box detection HERY 43 % Mask section SHE
Models Pl% RI% mAP, /% MAP5.5/% Pl% RI% mAP, /% mMAP5.05/% Parameters/M
YOLOv8n-seg 90.8 80.4 86.5 70.7 89.8 80.4 859 60.1 3.26
YOLOI11n-seg 92.5 79.7 87.7 71.2 89.4 77.0 85.7 58.1 2.80
YOLOI1n-SAL 94.2 83.1 91.2 76.2 93.4 77.9 90.7 62.7 3.02

125y BRSSO A 5 F8 45 |, YOLO11n-SAL [ # 54
B BE I8 93.4%, U5 T AR PN BE AL, Ul B AR i
G RB BB R . RE LA RE (77.9%)
5 YOLO11n-seg (77.0%) #2%4, {HIL/rEUTS K mAP,s
FH MAP 505 77 MIEE] T 90.7% F1 62.7%
3.3.2 H @R

N T IR AIE A o Bk AR 1 R R K vk, BT 4
ML, Z5RWEK 4 P,

PLYOLOlIn BRI S I, 78 5] N 23 5a it
P (MEEM) J&, A0 FHE S B R M 79.7% T+ 5
82.4%, RBHIZAELA )T B sm AR AL 25 5 H bR B0
BEGEST, BRI T IR E . DFHER M 92.5% F
R 25 89.0%, [FIITHEADHRE FBE I — 52 FFE. (HSHER
(S8, 14 FHE 5 HE 6D Y mAP, s 23 AR TF & 89.6% 5
89.1%. LIRZERFRN, NLIGREHI 5] A8 T X 2
JUEE H bR BB RE J1, HRININ T E 2R s, S
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B FHE R FE RN B A BT A

B G| N5 3 53858 7E = ML (SEAMD #EHUE,
TR Ry 320 G HE G 0 K R RN A B 23 RS ) MR TR E
93.5% H1 90.3%, XK B SEAM FLHLA R IE 58 1 45 7Y 5%
P 2 RO AR B N R

B, 43L[E 5 N MEEM 5 SEAM #E By, i
PEAEIAE] T B flt. MEEM RBP4 55 (1930 S 4015 i
HoE, RERCRSINEIE 2 HAR, 10 SEAM A H U g - 40
Oy 2 WSS I 22 RS RRAE, B A% e R AE A RS G
DUFE53E H K o

F= 4 HERIE
Table 4 Ablation test

YOLO11n MEEM SEAM , ZHEREE

Precisiong,, /% Recallg,,|%

JURECISE 4 p < (Box) /% mAPys q9s (Box) %

¥ ) R
Prjfﬁ%ﬁﬂ% % @EUEE/%A mAPys (Mask) /% mAPys-00s (Mask) %

v x x 925 79.7 87.7
v v x 89.0 82.4 89.6
\ x \ 93.5 82.5 88.7
\ \ v 94.2 83.1 91.2

71.2 89.4 77.0 85.7 58.1
74.9 88.3 71.5 89.1 60.1
75.3 90.3 77.1 86.1 60.4
76.2 93.4 7179 90.7 62.7

FE: N FACRRIZBO TR, x FRASRIZEGE T v

Note:\ indicates adoption of this improvement method, x indicates non-adoption of this improvement method.

333 HAFIETAN

O 8 3 U 1) AR AR B R AN IE o A S A
RO RFAE M SRR B, Hp R i 5%, RN, 1%
REAE B9 = Sl

B 7 AARFA T2 AR S R E, hik
FEEMAT, MEESMEES, WiZES T AHE S
HERHERE .

YOLOI1n-
seg

YOLOIlIn-
SAL

a. 5% BRI b. Z 5 H AR
a. Multi-target detection in close-up ~ b. Multi-target detection in far-up
W7 BREBAEL

Fig.7 Comparison of heatmaps for different models

MK 7Ta v LA H, fEIERZ Hissrh, FEmbk
[ PEAR /DN, TEASFHER NIEM . YOLOvV8n-seg Hef
BRORAE Z R B bR, BHESBDRFERMmE, R
5] e TE AH AT AR AR B ik B B BB RS I X 3k, YOLO1 In-seg
TE M3 5 T R B AR (1932 FNE B 15 P 5 0 JR0 37 Bl
X £R H AR B IX 43 68 1A Bt s, 17 YOLOI 1n-SAL A

RGN T R L KOG 5e, 7R 5 LB E
0 R RFAIE 58 0 P 5 T R R B, AR B 0 SR s
P SEBRFS JBE, A LS A A SE R A 3 AT R 4 2 R
PR R, BRI S 23 50 ML R P RHIE TR IS H)
AEeS1. MME 76 FTLAVE H, fERRE Hismsd, W
T EARREAR /N 407115 Bk LTS e3R8 (i 133,
VLR TR, BB AT I APk TR R U
YOLOv8n-seg #5 B 7E 45 AF T B 73 /N B AR i 556
JEER AT R F A S, AL L AR g T 8 5 R AT
YOLOI In-seg A5 4 Jf ik tde ik (1) WX 4 82 it, 783z 5t/ B Ax
M4 [ E A BT, REBSAS I B 2w ik B Ax, (HH
53 B30 GRS 41 B DR R A i A BT Ok, AT e
59, YOLOI1n-SAL #57F Hh37 5t F K IH A 8 B e
e, TEz E H AR FATYRE R R 0 (RS e B, 3 B A
RUGE /N RS P SR A& o KR A RE Ja, 2> BIFC BRI
SEREVERFEF IR, UEB T AR 2 RE H bR Iy TH A
T

334 HERIEXT

RIS AU 255 ) YOLOv8n. YOLO1 1n [ 43 E|
5 YOLO!1In-SAL #EATXF b, 43 Alik s 5 2 H Ax .
R w2 Hin. “YakR” 2 HAR K BEZE 5
B S AN s EUE AT IS, DRSO i 8 A .

WK 8 fr, 78 kK™ MIms T, WHRERE
ik, JCHJ SRS, YOLOv8n-seg. YOLOIIn-seg fll
YOLO11n-SAL = AMEEA kel 5 43 H Be J1 38 BRI TS
YOLO1 In-SAL £l 73 #I R Bl e, 17 76 B 2Bk i Pk 1)
“BHEFZER b, SRR ILME: WK 8a
Kl 8e fivn, MIREEHAAIED Hbn. BEZEEEH HE 5t
RGN, YOLOv8n-seg LU R ImAe, MBS~
FXELLSZIA B E AR R TIMmNE R
%M, YOLOIIn-seg (IRIL T YOLOvSn-seg, # i
DR R RAS, (H LRSI BE S 4 B R B AR T
B FANAHE TR, BEESEKT 70%.

M Z T, YOLOI1n-SAL 7& 4 #5183 5 vh 3 4%
R gi A vERe . RIEZE BEZE % . 44 ™ B (1) A ity
ZAET, HMEReEARMORT, (HIRE4ERE 70% L 1
FEGE, @ TREHA . U YOLO11n-SAL fr5l
N SO B i T RS R R A BT
PG METE, 7875 55 KA X — 41 o AE 55 b i B U B 8 1)
SER M SRR .
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33.5 P FRALBRAINIGRIE

IS E AR R S R B B U FER 4 B % S B e A
BOR, BT R EEMIE, R TREENAN
FEMLPLBRE , Wit 7 —F&HT ROS SR I IRTEF AL
WU 2 P e N M R S, a0l 9 B

B4, T YOLOLIn-SAL K%Y, % /5 95 4T Se it
TR FE A O B B HE RS R, 0 7 55 A 55 ) e A1

YOLOv8n-
seg

YOLOlIn- &
seg

YOLOl1n- £
SAL

a “EHERL HiR b. BEZEEHE
a. Multi-objective in “Mother b. Lush mother
stem retention harvesting” stems

c. B

c. Sparse mother stems

FWENRW S . 18T Intel RealSense D415 PR FE AHAL 3k
W5 iR AR, FERHE R =4 i 8ok, Bh)S,
PARESE FRR s A RO B — AN B TR 0 A X 38, 7Ei%IX
AR DBSCAN JEFLFAIBRIE A i, $RTH B X de
MtasE . kPR H s 408 (principal component
analysis, PCA) J5 V24l v11% J5 & 55 2= B A B~ 1 FRT v 1)
B, TSI R AR RS R ) = 4 2 ] A

e. BEZETS Stimig
e. Deep background in
“Mother stems”

4. KT A7
d. Multi-objective in
“Complete harvesting”

A8 AAEA KSR

Fig.8 Test comparison of different models

B9 NibhiAg

Fig.9 Six-axis robotic arm

FFRFZET YOLO1In-SAL R A 5 @ 45 55 o &%
RS R AT RS = gE A AR, JRdE I RVIZ AT R4k T
HXH R 5 e A g BB T EWER. B 10 BB e 5
R (1 SRUSC AR B R IS

HK, RH “BRIEFH" (Eye-to-hand) B R FAC
BARBEENES SRS EiZiCED, HREAYLEE
TG THUE TAE XA MSIAL S, AN 2= AR
G HUE FE AL PR R AR 25 18] 6 R FEER L. RGUF

F 715 T. A EasyHandeye 47 F MR bR e . 8 7EA [F] AL
22T ARI ArUco T b5 & SRAEAHATL AR B 5 A i A7 248 DA K G
i Movelt! SEHR RIS Ao hAT SR EHE AR R AL,
KEZ A NHIE. M5, BT AX=XB 1 F s e 15
RUBEAT RS, Hoh A A0 B 7253 M s A URIH LI B 5k Al
FREIFF IR G RE . X 2B R F IR, RoaMil
S0 2 B2 8¢ R o B 245 B BE AR VLG 22 A0 b
Z2 BN BE AR R RS 1 T IR AR P X A e i fE
weE 11 Fios.

5, I Movelt! HE 42 SR 1) S i 12 3180 )
S i T B bR R Y AR A B SR = 4
Aekr, FEEI BT R AR T IRAE R X BT AR AR e e, S5 G
TR 45 FEIUIUERL A, A& =40 B 5 DU eI
] I, 28 A m iR e 2 t, WE T —MEiEf
%%, T RSEERERATEUT 51 . HUE B Stissh 2L fr
%%, BEER s ZAGHINIA & 9T & RN, B ik a4
A%, FEBIWIMEALE, 2 5183 2 3UE A 2 R
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HbrA 5, BJEHIREIWIGHAI %, #ESPIT N —IKIES%

s Em, R4 OMPL (the open motion
planning library) 12 2 #L & FE, JFix H H W E W
RRTConnect BEHAT BRI . 1% BIEEE T BENLRAL
WY skl , T E A4S A I s R A . R
FEXF 2 A B B bR BERIALEE,  REUAE N B 2 >R IR
RUG, 2RI AL AL R ) B A R DL AU 4
AU 2% H s i 3 S 3T A HEY, JeRIk
BEER. BB AREMN Bir, ARG EEA R 51,
WD SRR BN FNT AV FE . AR WA 12 s, HA,
PR AL TAE E A IR TE F 41 (Ceye-to-hand)
MR EEFINLSE G, MIRTETF L Ceye-in-hand) IR FEAH
BlIFARZ 5iZd .

B 10 FFRBERA bR ROR
Fig.10 Effects of asparagus harvesting point identification and
localization

c. EasyHandeye T-MR#7 i&
c. EasyHandeye hand-eye
calibration

a. FIRAREA R b. ArUcofi 5 & B iR 1)
a. Hand-Eye calibration b. ArUco marker board
layout detection

B 11 FRAFT AL

Fig.11 Hand-Eye calibration process

a. $%iL b. #IUHK
a. Approach b. Grab

c. Jke d. &
d. Place

B 12 P HEIRIRARAL
Fig.12 Asparagus grasping process
RGBT b, B SEI G N R,
2 20 em=9 em B8 rp, gl 5 8 AL SR
FeRIROCR, Wl 13 o, 70l E 1 20 AA RN L)
BRI R IR 20 26 2 B35 535U SR AU A
J2 20 28 3 #R A URICITU, X500 B & 13 fos.

c. Grab up

wJa, BT RUIBGRLES, DR IS € AL SN
HOR, W s fros, Horp, @ AL R IR Ol 3R
T 7 5 R R AR B T IR Zh B 48 L A
BUFTAT 7 5 Rk e K

c. =L
c. Triple asparagus test

b. XU TR
b. Double asparagus test

B/ 13 FHFEREAE

Fig.13  Asparagus grasping experiment arrangement

a. BRI
a. Single asparagus test

S5 HENALE
Table 5 Grasping test

% PRHLL

cean g JENCHERS  AELST) 8 AL HER
% b4
N RS WH ¥ Localization Ij]z.
Number of Grasping
Test group Successful Successful — success
tests localizations  grasps rate/% success
grasp ° rate/%
BRI 20 19 18 95 90
U SRR 20 18 18 90 90
=PRI 20 18 17 90 85

AR S TAI, Pl BT AR b 1k e fr
BORRAF, (HBEE H ARSI IS T . 7R RAR
FIMHEALES T, RARIIE, EMBRINEIEE] 95%,
PUELR N 90%, Horp B — R WL E 25 57 i 3 50
FIPTEBURR R . 24 H bR3E 2 2 BRI, e O Bl o 5 1%
2 90%. 1E 3 B FRWAMEUES H, SR D)=t —
W R 85%. FRAT S AL AN, AR LT IE 3%
725 58 Ar R R 22 3 BOVUAUE A R 1 310 TiE 7 &L
N 328 RS HTCER 2R TP 475 450 o

RIRLE R, MG HENEZ 5HEERE -
Fro HUMRE PURERE 285 e il DR iR 2 o A RAHR
ZERN RN B, REEARRZ NI —ER
FERBE. REWM, %375 FIBURID RS RFFTE 85%
PLE, SEHZRGCESEARSSHES S, A,
Ext 2 H bR RS 2 AL S IBUE & 1R B 5 T e, 0
BB RAL TR TR A5 1]

4 & B

AW TR XL A A P 5 RO R AR AE P A
FRAESEFRAELER . H br/b B 23 B 20844 5 SURIE SR A
o I 0 M B K B B A IR B 3G B ) A R I 1) L, kT
YOLOI1 In-seg it ! YOLO11n-SAL #5 %Y, i i 7F # A
ZiKP 5] N MEEM. SEAM #&bR, BFFTRUEI T

D @Y7 OekR” M C“ERZERT TS N 2R
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ZACRE T, SR RALEE AR 75 S R A I K 43 Bt T
R A () B8 A

2) GIANZ REGO GG @B PR 43 5 5 B 58 = AL
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Multi-target segmentation, recognition, and localization for an asparagus-
harvesting robot based on YOLO11n

LIANG Mingxu'?*, XIA Xianfei*** , YUAN Changrong® , LYU Juntong'* , GONG Qingshuo®* , JIA Lei***

(1. Nanjing Institute of Agricultural Mechanization, Ministry of Agriculture and Rural Affairs, Nanjing 210014, China; 2. School of
Mechanical Engineering, Nanjing Institute of Technology, Nanjing 211167, China; 3. College of Mechanical and Electronic Engineering,
Northwest A & F University, Yangling 712100, China; 4. East China Agricultural Science and Technology Center, Suzhou 215300, China)

Abstract: Asparagus harvesting can be confined to the efficacy of robotic vision in recent years. Asparagus spears are
characterized by a slender morphology in their natural growth state. These tender stems are highly prone to mutual occlusion
and overlapping when growing densely in field conditions. Furthermore, the stout mother stems can simultaneously present as
the complex background interference. Collectively, it is often required for the high accuracy of the multi-target segmentation
and recognition using machine vision. In this study, the lightweight instance segmentation model (YOLO1 1n-seg) was adopted
as a baseline, in order to improve the precise positioning and harvesting performance of the robotic end-effector. Consequently,
an optimized model named YOLO11n-SAL was also proposed to specifically tailor the slender, occluded targets with high
fidelity. Two modules were introduced to enhance the feature extraction and attention mechanisms in the architectural
framework. Firstly, the multi-scale edge enhancement Module (MEEM) was conceptually designed and integrated in order to
mitigate the challenge wherein the edge features of the slender asparagus targets were inherently weak and easily lost during
convolutional operations. Multi-scale decomposition was performed on the convolutional feature maps. The MEEM effectively
extracted and intensified the edge and contour information before feature fusion. The sensitivity to the target boundaries was
significantly elevated for the high segmentation precision, thereby enhancing the perceptual capability of the targets with the
slender morphological structures. Secondly, the separated and enhancement attention module (SEAM) was introduced to rectify
the feature confusion and data incompleteness caused by inter-target occlusion. Attention separation over both channel and
spatial dimensions was also utilized to adaptively perceive the local and global features of the occluded asparagus at the
varying scales. These features were selectively enhanced and effectively fused to better position the visible subjects of the
partially masked targets, while suppressing the background noise and distractor information. The robust performance of the
detection and recognition was maintained even within the complex and cluttered environments. A series of experiments was
conducted to verify the effectiveness of the improved model. Quantitative evaluation results indicate that the improved
YOLOI11n-SAL model achieved significant gains over all key performance indicators, compared with the baseline model. In
the detection task of the target bounding box, the superior performance was achieved with a detection precision of 94.2%, a
recall rate of 83.1%, a mean average precision at IoU threshold 0.5 (mAP, ;) of 91.2%, and a mean average precision at loU
threshold 0.5-0.95(mAPs.9s) of 76.2%. In the more granular instance mask segmentation, the model also performed
impressively. The segmentation precision, recall, mAP,; and mAP,s,o reached 93.4%, 77.9%, 90.7%, and 62.7%,
respectively. Furthermore, the heatmap analysis demonstrated that the YOLO11n-SAL model was markedly improved to
perceive the asparagus edge features over different scenarios, with the superior multi-target segmentation and recognition under
occluded conditions. The high accuracy of the segmentation and recognition was achieved to reduce the interference in the
complex multi-scenario environments, compared with the baseline. Finally, a series of asparagus recognition, positioning,
harvesting, and grasping trials were carried out using depth cameras and mechanical arms, in order to validate the cognition and
position performance in the actual deployment scenarios. The empirical results showed that a positioning success rate of not
less than 90% was accompanied by effective harvesting and grasping performance. These findings can provide reliable
technical support for the advancement of robotic harvesting in precision agriculture.

Keywords: multi-object detection; segmentation; green asparagus; YOLO11n improved model; precision harvesting; visual
positioning
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