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Abstract

Pixel-level crop-weed segmentation is fundamental to variable-rate weeding and fine-scale field
management. To address the weakened visibility information caused by merging partially visible
crop (partial-crop) and partially visible weed (partial-weed) labels into a conventional three-class
task in the PhenoBench dataset, this study uses U-Net++ as a unified backbone and compares four
label-utilization strategies: direct three-class supervision (B0), direct five-class supervision (B1),
progressive reweighting of partially visible pixels (B2), and training-only five-class auxiliary super-
vision (B3). All four methods are trained on the official training set using three random seeds and
evaluated on the complete official validation set. The results show that B3 achieves a mean inter-
section over union (mloU), weed recall, and partial-weed recall 0f 0.7943 + 0.0131, 0.6170 £ 0.0117,
and 0.5413 + 0.0045, respectively. Compared with B0, B3 increases weed recall by 2.30 percentage
points, while weed precision decreases by 2.88 percentage points and mloU increases by only 0.24
percentage points. Under the five-class cross-entropy (CE) and Dice joint-loss configuration without
class-balancing strategies, B1 exhibits lower partial-weed recall and greater variation across ran-
dom seeds. The reported results represent descriptive differences on the validation set only. Over-
all, training-only five-class auxiliary supervision can improve the detection of partially visible weeds
without changing the three-class inference output, although its precision-recall trade-off and cross-
scenario generalization require further validation.
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1. 51§

RN 2% B 0 22 ) o A ARG HEAO AR PR A R AR B 245 1) B 2R AR . ARS8 N TR 2 RENS
PRAFRCT RIS 2, AE S AR AN S RIS LR, DA A2 FH TR BRI L SRS R0 ] B 75
Ko T AN 6 BENS SR0G #EAL RRES IR RIS 25 18] 70 AR, ks e 1 )M R R AR S 43t
T E R R[] AERFRAMESF, BRI AT 5 A AR PR B X 38 2] s 1 S S
BERINFIE IR AERZR R A ENVE R3], ARG 1Rk DXt A AR B R B4 il 4 it
EGIEISS

FETRIVE ) — 2% B 00300 T M 5 2 RO R AT A RUBEZ2 S RS TR AR AU o AR 4G A SCHS PhenoBench 742
fgiit, HIREGOT SRR, AR A WA & LU B SRR, AR S A A AL
FRTE AR SRR AE BB — e R 4] [5], BE— P48 1 PSR EARRIIX 0 XEE . FAEBETE DL, AU &
AR RPN Y, K D BRI TR . B, AR SCRRIR S BAR D BIFRAR AL, JEE fi T2
FRB ARG . A BRA F1 08, FFGETHE W] I R 1 2R U5 1A, PAIXC 3o ks 5 P 1R A
PIRAN A 1 RE AR o

HSeH E s 50, AR ORI R4]. FREE SO FI[6]. 3PN 5 Ik B Rl [ 7] BA A
BTAEMATIE B AR 2R £ [8]55 7 THI R T o U-Net 83 4ty — ffA% &5 K4 Rk RO%E #2 50 IR e A7 15 25 18
SUE B IIREA9], U-Net++iE— 20 R i E BUBRE R IR & AN R TE SOREAIHRFAE[10]. SRT7, PhenoBench 41
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PSR RN 4R At 5 B H AR5 8020 ) 0L B AR RIARRL FEAR RS o A f B0 70 ol WA AR 23 v WA B B A R B
HEAEYIMZREIG], R R & A a), (Haggterl WIEE S, HRILEERE ML, TR
SRR A IR B, A EAEG— M E A ZR AT A RO RR 2RI 77 2K

B BRI, AL U-Net+~8E 8T, L 4 i il WWARZEA A skiis . =70 R EL R |
T BRI Wt AR BB 2] T SR B B . WP BB =TT N 7 RS
T ARMIERL R ORFF— B S AF R IT AR AR LLAL, —RAKYE IR 46 TR 70l e i e B S 8
AL EERRBIEE R s =R G IRE A BRI EE R, M AN TR SR x> R A 5 1RAS )

.
2. EE ST
2.1. BIEESHERE

AR AT PhenoBench ZE4E[11], SLI0A A v1.1.0 AR . 280385 R ANUER SR H B 2806
MM T oREE, HUIE RGB RAR K/ 1024 x 1024 53K . ASTIE I B J7 12848 1407 IEANE T U0 ELE 772
s B A RIS LE B 77 I 278 Il 25 . PhenoBench J5 46 15 PRV ELHE 1235 (soil)« 1EY)(crop)~ 2 5 (weed)
B3] WAE W) (partial-crop) 3843 7] WL 4% (partial-weed)5 28, b4 n] W28 5148 H bxnl WAZ 76 LE B
T 50% M) X35 [11]. A3CH crop 55 partial-crop & I 1EY, ¥ weed 5 partial-weed &I A5, ARy
LI ARG =0 R AT 55 B AE VNSRRI B OR BE R 46 Fu o an i, PPAN I 4% A — R0 & 9 =
%o IGEMIGUEE T, HIEG700 9 87.66%F1 89.92%, Z<HAZ T/ 5 0.48%A1 0.51%, partial-weed
BTt — R ZE 0.017%F1 0.023%, KM% HAT G280 AP RFAE o

2.2, SEESCIGEE

R LR Ay v] WARZEWIA R R 720, ASCEE BO. Bl B2 F1 B3 PUZHSEEG. BO KR 4G L hn %8
HIFRN=REERENE: Bl REJFEMG RTINS, HEFNIBGIF A= B2 REF=/7FKMm
H RS AT AR T St T A R E AL B3 B =40 R o SR Lo AR B Ay 3, HEFRBY BUUAR BE
=R . MY 825635 K 228 X (cross-entropy, CE) i 25 55 Dice 15125 (Dice loss)FIBA A TE N, FRAR%:
FIFTTRSE, W% R B PRI SR A RN R SRR — B AR BENLFN T 42, 2026 1
3407 EE LR, A RULEARFEMPEARTRHEZ LR UL e sEge i AR E W4 1.

Table 1. Settings of the four comparative experiments

5= 1. MN4AXFEE SRR E

SEEGAH FRZ AL TR B 70 E iR NER A Pl HEBR 4 HY PN e
B0 HEEIHFN=R =oREERE CE + Dice =2k =K KB
1k A S . S 1/3—>’ﬁ5%,
Bl PREFEGTE HHREEEE 7925 CE+ Dice ik At B A
B S T 2y (R AL CE + . e e
B2 AT AR T i 2R AL ST Dice =2k RISy
B3 ZREFRE + ZHREST + Lmain + 0.2Laux WA= M =R ER;
FIsHEWE BRI S X ’ TLREBNY 3 A Bh 2 AN A58

2.3. VEMIERR

K A 3 He (intersection over union, ToU). ¥ (precision) 4 [8] % (recall). F1 73 %(F1-score)-
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P332 It (mean intersection over union, mloU). “F¥J F1 43#{(mean F1-score, mF 1)L A HEHf 2 (overall
accuracy, OA) P AR TIPERE . Horp, B IE®B(true positive, TP)F 7 B SEE 7 5 TS 532004 H An 250 1114
JHL; B IEA(false positive, FP)FR7N 4 2 H N H AR A G T B 1741 (false negative, FN)R /8 B SL & T
H AR RME AR IE# R AE e . mloU Al mF1 2058 138 AEI A4 F =2 ToU 5 F1 78U AR
BIE, OA LR IEM AL TT i AT BT Lb ] . PRI S e e B0 E AR b BB TiREHE, Ha—it
HA TR TRIEHFELESESAAT . BN, AT AR L8 (R 28 B

2.4. SLIGIFE SLIMETS

MNSAROREF 1024 x 1024 BERIFEIE IR, TRGITEIE—EL0, 1], ABTIME - FrEZEH—
1o INZRR BeR FBEA LK T804 « 6 ELRIL  90° ekt e - XU FERRBh it TR g om, Horh = LT A8 e
IPATRERIY N 0.5, JCEIAMEN 0.3 JUMTARREDAEH TR S NFRES, SCEAUER T4,
U-Net++Fi NIBIEHCHY 3, SERDEEHCH 16, TLARHEBEIERKICN 164 32, 64, 128 Fl 256, R4
GBI EPIAE 3 x 3 B fitE=IH—1k(batch normalization)FIE IE 2814 8. 7G (rectified linear unit, ReLU)ZH
B NRAERA 2% 2 SR, FoRFER ADANMEAGE . AR S IR IR ES, S5m0 W 3R AR A 15 A
xo4 1ERE 1 x 140283k, BO Al B2 KA 3 @i ik, Bl KH 5l it k: B3 AL ZRAE BRI E
3 IEIE I LA S mE A Bk . BIAURA AdamW LAGER, WIE65 ) BFRE RIS N 1 x 1074 DA RS
mloU AR H &N KA TR, FIMATCN 0.5, &L 8 B RMGEN ik, MIKEIFN1x107, HtE
KA, BERBUSHECON 4, BRI HET 80: FUFMCMEN 15, FHEEBTBIMEN 1.0, FFRHRS
REFEN SR, NBRIKBENLIER R, % 075 R S — I BENLR 1A € 1 &, IF#E NVIDIA GeForce RTX
4060 Ti BT AL PR 2% (graphics processing unit, GPU)_I= 5€ il Il 45

3. EB45y W] ILARZE A FI A SR B
3.0. = EEEKE BO
BN RGB SRk B X e R¥™ GG HIHRE y BWU R M (1) Felfo h =2h5 %, BARmus

KA WA(1):
0, y=
M(y)=11, e{} (1)
2, yef24).

(), w88 0 FKon b, AR2E 1 M3 73 EORTED S8 pT WAEYD, S8 — WU N EYIZRA; FR%E 2 H

I M TR ARG AT Wk B, GBI REEE . BO H LR, ARMIAIIR =R R AR 0y, Bk
B CE k% 532K Dice BRI, CE $ kKM B ITHEL N ; Dice 2K E Hext 73 K157 PAT
Softmax PREL, FW E AR AR i (one-hot encoding), B & 5 L Ik 4k & A1 2 8] 4E 2 125 50 1.
TFITRA 1.0, HIEENMEIEENS E5EARTYE, BIFHK 2 & BB A T 5Bk . U-Net++
BT IR EPROE R R S A FE SURBEERHE[10], AR T e X I8iE X5 B s 5.

B0 A [X 73585 H*T 55w W H bw, Hbgr 2 (8] 5 4 =50 RAEH— :ﬁl: SRRV SRR B 4

HEEMRZEE IR, #4mT W HARE & B mT WS EA RS 5158 . Bl. B2 Al B3 L1 B0 NS,
Wﬂﬁlﬂfﬁiﬁﬁ%ﬁﬁ\ﬁfﬂﬁﬁﬁ'ﬂﬂﬂﬂﬁﬁo

32. ApEEEKRE B
Bl BB 3. /EY). 22, 3 m] WAEYANER 43w B5 BRI U-Net++, % H 8B 5
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HI 3 97 /RN 5, Bk iiaQ)%s o PRI B oaxt TR 45 SR AR5, fHE IR () &I 8.

PEMIRNZR R =2 22X RAHRE . TS AR RS & ) S5 ISR IESE mloU. B =73 FESRFRIL, AL

TR Bl T3 2 mloU M partial-weed IoU, T HIWr Y g 7545 € X 70 58 5 H AR 5 #8730 7T WL H 5
Ly =L + I35, @

Bl BELRHF U-Net++F1£45H) & CE 5 Dice BA AN, HMFE LR partial-crop F partial-weed
BB M A AR . R, BB T Hl AR 24 N B F o I, ARk — 25 51N
B R A R
3.3. #iANE N B2

B2 REF =0 FH s, FFHE S50 TR AR K804 ] WAG o B R E . B8 e R IlZRIERE p
= min(1, e/30), partial-crop 4G E H 0.5 ZeMEEII% 1.0, partial-weed 5 7CALE H 0.5 3G M= 1.5,
HRGITAETE N 1, PEREIFES 30 FE R B0E LR, I CE ke THRBBOTHR, HLE
SRANFERR DAL S AL Dice $isert, AUE [FIAEH T A AR T DL K PO TR AN B ST, B2 [ HEFR 4514
5 B0 —2, {3, JEIRIAe R =2k,

34. Bor2EHENISE B3

B3 fE U-Net++ix @ 70 FER MRS RIE T AL xoa B E =R E I T RHBIL, PIEAN 1 x 1 &

R S EE 70 3 M 50 24 SR L ARV B, By SO0 A TR TE RS I IR
B B [E B A = 53 R FATE S5 R Linain ML FERINIR Lo, SR WA(3)-

L=L, +02L, ?3)

HA, Linain Al Law 25K CE $125 5 Dice SR ZEBURN, FHBIRRALE 1 [B3E 0.2, FHBL U0 85
NSH, IR IR R RIE ST HE R B R =038 k. ASORITIE 1 R Gt
i, BRI 0.2 SR ASLITLE, ARMRIHE.

B3 JEANER F: 70 SR At partial-weed, 1M F I ZRVAH BI H FR 2 RIE AL, (=70 K EAESS

REBS IR 2 A v L HARE 2. SR AEYIAT EH R 2 AR 22 RoWeeder [8]LA AR I AR bRTERSE T
MBS 2T T5E(6] [TIANE, B3 ANSIAESNME, T2 B8 M PhenoBench CUAT IIEHALEE 1R S Hn
.

4. SEWHERSTTie
4.1. BEEREAXFIMEE

PURP SR B IR UEEE =2 288865 1L 2. B3 /9 mloU. mF1 Al OA 454 0.7943 + 0.0131,
0.8632 + 0.0114 1 0.9915 & 0.0005, “FIEIAPIH L+ . BO 1 mloU 4 0.7919 £ 0.0199, 5 B3
FHZE 0.24 NE 53 5 AR ZEAE/ DT PRI H R BEHUR AR 22, DA RERRRE T 318 B /IR,
AMEGE 52 M FIB . B2 A1 B1 [ mIoU 4354 0.7836 + 0.0150 A1 0.7726 + 0.0181, i FILE A FTIIZRAD
BT, w38 Ty 2R E A B AR I = R 2.

e HR R 2 7 O WE B3 A2 (818 0.6170£0.0117, T B0 B1 A1 B2 (1] 0.5940 £ 0.0742.,
0.5448 +0.0839 A1 0.5585+0.0639; Z4% F1 73504 0.6294+0.0311. SILFEIRS, B3 MIZLEFRETHER N 0.6434
+0.0546, KT BO ] 0.6722+0.0884. HMt A WL, B3 3 BAE R AIR 25 iwA, MR F 52 moks
WEMA M Z, Bl B85 IoU F F1 20 %0RAK, XK@ 152K CE 5 Dice BRATRAE GG =402
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Table 2. Overall and weed-class segmentation metrics of different experimental groups

2. FRIKEEDFSRERLF D RS

Fabrl fabn BO Bl B2 B3
SE mloU 0.7919 + 0.0199 0.7726 + 0.0181 0.7836 + 0.0150 0.7943 + 0.0131
EvN mF1 0.8613 +0.0182 0.8434 +0.0173 0.8536 +0.0139 0.8632 +0.0114
JERTN OA 0.9911 + 0.0005 0.9905 + 0.0006 0.9911 = 0.0006 0.9915 + 0.0005
PLES ToU 0.4574 + 0.0583 0.4048 + 0.0479 0.4327 + 0.0419 0.4597 + 0.0335
IRER UAfiES 0.6722 + 0.0884 0.6152 +0.0219 0.6631 + 0.0646 0.6434 + 0.0546
IREH HEZE 0.5940 + 0.0742 0.5448 + 0.0839 0.5585 + 0.0639 0.6170 +0.0117
IREH Fl 5341 0.6263 + 0.0538 0.5752 + 0.0485 0.6032 + 0.0402 0.6294 + 0.0311

4.2. §B5r A MAE XIS
RO T IR XIS W A SR WA 30 IR GE it Se Bk MR 3 W] L2 B X A |l 3, Jf4s

partial-weed 7 NVEYIFI IR LLG] . B3 U5 T DL B4 M 26508 0.5413 £0.0045, % BO $&5 5.56 4
B4y, 8BS 19.22 ME4Sr s H partial-weed 35243 AVEYIAT 31 EL1 4 5104 0.2872 + 0.0174 Al
0.1716 + 0.0174, ¥J{KT BO 1 Bl. Bl HIH5r ] WARRL A [F258 0.3491 + 0.1340, HEEHLF T (03 3%
Ko

Table 3. Diagnostic results for partially visible weed regions

3. oA RAEXEISEER

fabw BO Bl B2 B3
FERRFLE R 0.5990 £ 0.0781 0.5538 + 0.0825 0.5632 + 0.0650 0.6204 + 0.0122
HA ] AR B ] 0.4857 + 0.0657 0.3491 + 0.1340 0.4579 + 0.0411 0.5413 + 0.0045
o] WA E 1) 0.3194 + 0.0485 0.4361 + 0.0722 0.3425 + 0.0371 0.2872 + 0.0174
B4 W] WA B~ 3 0.1948 + 0.0181 0.2148 + 0.0623 0.1996 + 0.0082 0.1716 £ 0.0174

4.3. Bl AN AFEIRM

Bl IH R R A 3 mloU=0.5252+0.0339. F14r28% 11 F1 4 $(macro-averaged F1-
score) 0.6191 £0.0459. 4335 OA =0.9791 £0.0011. partial-crop IoU = 0.3827 £ 0.0367. partial-weed IoU
=0.0491 £ 0.0851. 45RO TR B1 X JUR TERARZE I 2 1500, A S HABT RN =70 K ERRRE
B . partial-weed ToU fERENLRIF 2026 1 3407 T34 0, BEHITE 24108 714> 2% CE 5 Dice BEAH
KECEH, b partial-weed KA A I FEENEA L o FERIN IR AT e e i K 2 —, (HILA S A
REMf 7 ME—J PR, AN RE A1 25 SR T I 0 ~F 0 2 R SRS Y HL Al T 70 2677 %

4.4. BREFERESH

VORI AAE B D7 IR IESR ERAT A — AL =0 RIRVEFERE AN | s B R IE 3 BN 51
AR A SE BERRUIE S SR PO TS TRV R oo T HECR A, JR#EAT4T 914, BO. B1. B2 1 B3
X LS A B (R IE R A L 8143 3 0.594 0545 0.559 F1 0.617. B1 #4353 I WARZE B B AL I )5
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B I = RRI AR EE FIEAMET B0 5 B3; B3 A E R AEMRILESI A 0.182, /KT B0 1 0.193 1 Bl
[ 0.247. HF PR R 3 E AR B EL B8R 0.997, IUKHE OA M DL i/ D E R Rl T it 2 5

wocop

TT)A—fL Ll

weed

croj soil crop weed soi croj soi cro)
T 25 i 251 T3] B

Figure 1. Row-normalized three-class confusion matrices of B0, B1, B2, and B3 on the PhenoBench official validation split

1.B0. Bl. B2 #1 B3 7 PhenoBench B S IEE FHITIHR— L =0 3EREEMK

4.5. EMHERIH

AR # 5 W] W5 B e M E145 Ban & 2 Fron. B 3 HIESCREA, B L2 5xt N s:
A LA VEWARIE BUE R 5 A K BN B bR . BOS Bl A B2 7EAN [FIAR 1 H B A% U 7 BRIl 1
YIRSy, B3 (TGN X I B AR S 4200 FUSERRAE . BB — AR AR, B3 XS4 i) WL 2R R X M R
SERE SRR, TEMEY) S A R (R AR iR RS, A BB BT SRR SR =
HREAR, B3 X4 BN H AR B0 S B 0T B SEAR A

RGB/ & HEELiRes B1 B2 B3

Figure 2. Qualitative comparison of real BO~B3 segmentation results under different partial-visibility scenarios

2. FEIFBS A IR T BO~B3 HEL S EILERLE

4.6. WHL5RF/R

VUZLx LSRR B, AN T ILARSEA ] SR D B (R ROR A AE 22 5+ - B ELERY ROV T
Ty, FEARRHIZE N T SRR ) CE 5 Dice BREHURELE T, =702 mloU FIEE7 W] WL 2% HE 4 ]
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RIET B0, HFABENUF T T35 7 WA T 511 ToU ¥ 0, BB i i 28 50 3 LA 7S 7 Rk H5 40
RLEEARZE IR BE A . B2 BARBARIA 180 ] WbR4s, (HEAMEREAR 2005 B3 MIF M. L
2R, B3 R TR E NN IR, IEAN AR = 43 S L M 1) 25 A NS T B PR 40 ml Lk
(128, 2 Bl I Mo B A% B0 7 2 R R 3 40 T AR 254 JE

B3 5 B0 )22 5 E EARELIE IL AR 2 23R o BO K800 vl WLVEA RIS 43 W] WL 4% 00 53] 4 25 58
F, P L3 (BRI B = 2R B R Z [0 22 5% . B3 M@ =K EAT 555 T BT 45 4t
F) 20 RS LR ARSI, A TE S e =2 B AR A B R, 202 2] 5e 8 H AR 5802 T WL B AR 2 (8] )
ZR. Bk, HARUZ. SRRSO SR LS B R RS S S AL, AR A IR I R
YIRLEE 2 A5 B RK, IRV 2 B A B3 5 2 s

SIS E LR, B3 B4t [H A BO R 2.30 ANE 4 AL SR R 2.88 AN 4 . TRIE A PESE
R, ESRE A IER IR EE B 0.594 FEEE 0.617, 8BRS NVEVIRIELBI T 0.193 F42 0.182, i
I DR B e — e R o TR . SR, B m AR SIS IR K S SOEAE M 1) L
A58 PIRFAEAA: o BB 3K 6 Jy AR A B DRI, 288 00l B 30 P A 2% REAG Gt B 25 5 1Rl
NZREL, NG PE . 2R iR g eI, Al Bh I B T SR 58 24 S SCARAE L ERIE, B
PRI Xof /D K S ARt RE 7, (L ) T AR 508 SR A 7R o 3508 43 R DX S Py J97, 33 3 ol 73 [ S5 402 o T A
RN

B3 #H# BO 1) mloU X4 1 0.24 AN 43 5, /N T BEATLFP1- 18] 1) 9% 30 Bl Ui BRTE 2R A 85 56 AF
mloU X /b HRHIPERE BRI BUBR A IR . B, ARG R HEZE, F1 280 H5 WA H R
HIRIERE, AR RESHATLEA VN . BT RBR B UER TS B, ASUR R4S, [
UEAN 2 IR 0 B Bt AR, TEIRAS AN 1 H [R] 2 iR g s p B — @ A AE . (H
TERRTBONBUR IR MR EAT 5, R4 G200 P, BE AR UG A3 7 bR A M . %R IETE
oAt 9 2% 45 ¥ RN i d B (3 VAT R — D BRAIE .

ARG IET PhenoBench S Al U-Net++MN &I/, ARASLIGHEIT T 3 IRBENLE IS, Mk
BTG R EMRR, R RGBT AT SN . 4 B S B AR SR B SR, R S S Ok
SRR R Bt S AN 0 2 S5 A T R I 3 S SR AIE Rl R AE i 5 AT A AN SRR AE A0 AT T, ik — DR
iy B WA S TR 2 3] R 43 S LRI

5. &g

AAEGE— U-Net++HEH T LUEL T 4 PP 70 ] WARZEFIH 77 0. B3 fEEE mloU. JH 4 [ Z A1
Gy Al L AREEH B E IS T3 ME, BO WILEA S s i A BORE 3R, R IR B I B R T RS TR
- B2 A AT o 75 AR F 200 P47 SRS 1) 19328 CE 5 Dice BXE AL E N, B1 X /b &)
AR 7 IR AR, B2 Wk sUE A AR =70 R4 . S5 AR, 18 21 B 40 A A
YIGRCE T, ISR T 258 Bh S B B T 76 CRRF =20 3k R 4t 1 [R) ek R FH iR 0 L0 SUE B, (HL
AT BO FS ARG 2 A IR . FIR 458 00E A T 2417 PhenoBench B 7 Wil WU U-Net++iL &, 375 @1d
ML B35 S I0E 2800117 SR LU e 2l B i 2R A B Utk o0 i it — DA
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