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Abstract: To address mango leaf disease recognition in complex in-field scenes, where background interference and
simultaneous infections across multiple leaves lead to feature recognition difficulties and multi-task segmentation prob-
lems, this paper proposes G-Mask2Former, a structure-space—guided model that achieves collaborative segmentation of
leaf instances and lesion semantics. The method jointly learns leaf and lesion segmentation within a shared feature space,
and leverages a leaf-structure prior to impose spatial constraints on the lesion predictions. First, based on Mask2Former,
we use multi-scale pixel representations and mask attention to extract effective features of mango leaf diseases in com-
plex scenes; by constructing pseudo-instances of lesions, we achieve leaf instance segmentation and lesion semantic
segmentation within a single model, thereby simplifying model deployment and inference. Second, through a leaf
structure-space soft gating module, the model is guided to focus on leaf regions, reducing interference from complex
environments. Finally, we conduct experiments on a mango leaf disease dataset collected in complex in-field scenes and
perform comparative analyses against other models. The proposed method achieves superior overall performance over
classical baselines for segmenting mango leaves and diseases in complex in-field scenes. On the test set, the average
precision (AP) for leaf instance segmentation reaches 87.37%, while the mean Intersection-over-Union (mloU) for le-
sion semantic segmentation reaches 82.83%. The proposed method would provide an effective solution for mango |eaf
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disease segmentation in complex environments and facilitates quantitative disease assessment.
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DOI: 10.3969/j.issn.1000-2561.2026.02.020

PRIE G | WG RN —, ERE
V. R, o, WBREE (IX) )z,
A AN A B Jmgeit, 2021 453 B A
TR 37.46 J7 hm?H | 8 5 722\ 7R A i 4 5 28 9%
RIBHE T HZEH, MW ERERA™ L
R ENAEYRGBINEREZ —, SRR
O e Ny i 75 o A S B IER TSI ¥z ]
8, OB E R AT AR B IE R AR R AR .
TP 38 5 5B R oA P B 0 1 SR A
fes, HEHRO BB mEY A RKRE ., &
WA, MY R 2R E R YT, R
P FEEROLAEH AR, REEL T
S EE, RS E R T, Rk, KA
WER B AL FR R, SR FE RIS
R e 16 M AR B = A R

e Gt e 35 12 W B ™ B B TEA 3R AR
FNT HI, 25 BARKSEAE O Z 0 Ll Fn iR A
B HWr, ENETR . ERMABAMIERE T, A
TARAFERTHRE ST . I WIRCRAR, HELITH LB
bR RSHEMEI AR R . L, KEE. B
sk BLE ULHERG I i R s 3 o S5 IR B R Bk
R AR R R R ERT . Bl A RS AL BN RE T
BHARGYEL R, 1EYWEASIbiZEiEa T
Pz X B RS T AR M T L
PRAL g L8 (1) P45 43 24T 45 10 ik d & R 20
TR E R AR . AR BRI &
WRREIY] (of R . — R ™ ) A0, HAH
S JEREINE AR IR HEA T AR BORIR 31, S
HZh RIS W SR, & FKAEVEAN ™ EH R L
PR32 N P SZ 0, H 2 O 3 S Al 1Y
N2, WFES ™ B AR AR, Al &
g, M EAEEAARNELT, WM
R SN AL A=Y (T

h T R E AL E AR, R R
S I FH R o3 E1 B AR SEA T 55 DX 3810 o R0
GRS, R B L A T AR
o, B E S EREE . BRSR0E 5 E R
S ARSI, AT 55 A4S 1 ]
S Ay BRI A s oyl orp, B SO R RS
FOPBC, (RS2 SE6i4r BITE1R

R G [R) I TR0 2 0 FHE R LA X o AS TR SE 415 4o
3 NGB0 R BT A AR R AT B R 43, e
FTH bR 5209 5 R AT X I i ) EM A
e ERR VAL I, CA RS 2R FE L HI
TR Sz BRI A A B IX 3 23 o A X o 42 4 P
MY UNet #ERIEDKREI B SO BE, AR 4R
975 BRE T AR o5 Ll X9 5 AR 64T /2 % ; DENG %11
BB R T E A LR 4 S 2 BB MC-
UNet #5589 F T2 i e 3 o0 8. SR, I2R%K
ML RETZHENENIREE, Fan—, Hin
TE ARG SR T BMEA R, 1 DENG 20
52 RG] BT S B DI S AR A R A S B A 7 i s A
e IR B F R h S S o IR E
W A 2T o E B A, L A
DeepLabV 3+45 B F F &2 2 17 5t T w N Fr s 3
4330 5 ERREE AR, LU PR R R A
P 248 3 E R MixSeg, DLEETHE 2L 3REs T 35 R it
A AR BER I vERE . ABRIRE 4T st T, A
BB 5 R 20 B Bk s, RIS ISR 23 5 rpr 4R B
MR, BT BESE] L 1 WANG 218 iy g by
Bt DUNet #5455 —Fr B R F] DeeplLabV 3+753-#
NI R, 55 B BefdiH UNet $2EU0 B ; CHENG
411455 1% FH PBGNet fil PDFNet 520 B 59
BEAE), SRR R E M E R % XU
A< USLEE i DeeplabV 3+ 1531 5 2 193 I B
A3 B HY T H (R)g nh A BE R R . IbAh, ALk
WFFE 25 A5 4y B 515 U E T8 25 Tt
Fios E R, TASSIS 21815 ] Mask-RCNN 5 41
WRRE R F A7 B, B UNet F1 PSPNet 12 Bl
Fr R BE K . LI S Rl A S i 4y L 4r2k
FE o IR A SE RUHESE . S5 Mask R-CNN
NG 21 S 4 S A S s, BB
MR, PR 2R B A S8 e TR S A
#, LA RS 2 R0 FRE S E SR,

HREZBEN A B AR AR, &
gL IR, RERE H SRR T ORI EUR
I A B Y S 22 R IR O, A
SR R o E Be= SEBUAN, MELLIX A AN F A
AN, TCEAE T R e E T E AR . OIS Y
SEAEFERA, ASWRSE SR FHI AT L0 BE R



500 o AE A F AR

VE AT AIFEDR , DA R A 3 ™ F A A R B
BT BAOr R 2 B, BN S
W SIR, AFTEAE P — B v R i S B S
1170 F) 50 B SO B X IR ST Z
R [ A 2 28 5 SR R A £ B PR X AN 24 55
SyE|RIEL, 7E Mask2Former HE#E |- 2 H — Ffi 4t £
23 W) 5| I S =i Loy, FE LSRR il 2 ]
PRI ESF 27 2T I R S 23 0 R e o, IR
Bl R g5 R e g | R R SG TR I F XCBE R, A
M $ TR 5 2R ALY 5 P e AL 5 oy I i JF
TE H W) 5 2 o B 22 R M 7 o 5 K 4R 1 XA Y
HEATIAUE BT, UESE 5 ¥R B A S

1 #MR5FZ*E
1.1 HEESHRE

TR RO E B AR R AR A =T AR
HREE EHIG B AT R S, AL s R Ak
SEUG R BERERT o FOT IR E T H. LabelMe @5
AL SR BE R I R BE, A5 BRI bR v A
& 153 M, HEBEHAR T EIG 154 7. KB 1 o715
3 R RbRZE T Ak s i, 4% 72201
BB A2 45 R IR A I 2R L SR UESE AN
ME4E , B EYIZ4E 214 1 . 353F4E 60 IF . Wi
£ 330, IFG—EREY o HEh 512 4 FK x 512
BEMEGR . BT HREREBFZ RS, R
B UM ASA 50 3 AR AR RN 3G T s 30 it s 25 45
WG AR, SR IRAE 1 AR . e B b o
HoR, ¥R e FE IS AE 214 I8 EHR Y 31
% 1284 i ; WAEAE SRS 5 60 1R 5 33
RS o KR A SE B - U ZREE 2496 4
BSiESE 135 1~ P AE 55 1.

V3R

B

EH1 ERHAEREERGRREARL
Fig. 1 Mango leaf disease images and annotation
visualization
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1.2.1 Mask2Former
SR S Ay E R 4 oy E g — S RS 4 2 )

Mask2Former & —Ffr i iE

U IE R FIAEZE, hET MY RR
#5 A1 Transformer RS g 2H A% . 35 T HFAE $2 B AR ]

PIFETF CNN ( ResNet ) 1% Transformer £ 5 #4)
AHEFEAE FH 5T ResNet5012 44 € (14 3= T4 1iF £2
I . Mask2Former BRIAK FH 2 ROE W] A8 14 3
71 (MSDeformAttn) &R fighhas, 7E¥E T



5 23]

TSR SRz 5] T 0 R AR e R M R S B2 7 1 501

(1 [A] I Rl G A [) 0 BESRRRAIE B 22 R AR
T, RJE B Rl — A o3 B 0 R A B — A
Transformer fffs 2% )2 o B THFI 8 o3 e
fEFR T/ N BAR 50 540y, [R5 B o HE 2R
fEFEAETE S BN 30, AT R AR R T B fE
Transformer fiff % i fiff J] #8777 ( masked
attention ) i i T T R Bk 0 9 SR S ARAE
5 FnifE Transformer fiit i v i Y 5GBSR RRAIE
IR AE SRR IA L, R T USRS T T M RE
122 ZAE5BENGR%  NE—DENES
o ] Fsf 2% 2 I 7 S0 A3 R B o], AR
FUR ML= A WA W 55— E 6 =, B4
M5, PG GRSy “hseE” |, IS5k
S 8 — 200 2 ) o6 5 R DR TCF H AR
R YR BeAE TONE 5 S Z (A g S —— X
MXZ, RH'5 Mask2Former — 3§ (145 2 #4741
ko BT AE R — IR b [ B S8 B R S )
FUREEE Lo, R T R ASRME 5553 I 25 A
WRE Z A, N —E R Lk THES
HEHRE .
1.2.3 ctH&MT K NEER EHRYKELS
Wreb, SRBES AR ATEM XN, HEIRE 2250
BT, ARG ARREAEM B X —254 5
B FEYIZRBY B 22 RUBERRAE B St 5
SRS MR R R R A R R, i
R AMBERIE R B — o AT AN, TR 3Rk
RE T RERI NS, FIR R B2 B SC

AR SR (8 Uy € {007
Hrbmt R E R 1, RIMEE R 0, 45 il
SR Te[01), Apint ras T

Agi =(1-7) +7U o

ﬁﬁ%ﬁf}?%ﬁ%ﬁﬂﬁ{ﬁ}rﬂ, XHE R RE
FRIE (R ) DAOSURMEAG (R A WIS R
FE A, IR R R AR BIOZ s Tk 145

Fi=Aw OF

1.3 MEEH

AWRAENGL RS, RS Mask2Former
—E R, Al oA UG (Lee) FT Dice
1 (Lgice) AT ARSI (mask 10sS, Linas ) :
Limask = Acelce + Adicelaice 3 8 28 SUIR 48 2% ok 3155
IR Ly ) o HEHMARABRAE TR
M L= Lpag + Agsbas » FEHT A A RALE

14 REHEREE

RETE— G A CPU i Intel(R) Core(TM)
i9-10900K CPU @3.70GHz, GPU » NVIDIA
GeForce RTX 3090 # it #Hl iz fr, ffi
Python3.8 ¥4% T 1) PyTorch IR & 24 > HEE . 56
WE LB /NR 4, 2%2]%Fy 0.0001, At
YKEH 5000, fH 1] ResNet5012% Sy 4 1 5= - [ £ .
15 FMIstx

J T B MPEM AL PERE , FRATR Y389t
b (mloU ) SEPEAL1E SCor8), SRAPEBIRE B (AP)
VAL S 538 o py 2708 LS FR I {F 45 S22
IR R DR, py FoRBUNR RIS j %
BEEH N GEREE,  py RRTE RS
R EHIARR LR IR R B K+1RR%E
B 229 (loU) 2T i X 3l 5 B At X
WA IR HE, 52 10U a2 SLUNF -

Bii
Z:'(:opli +le<:0pji — B
22 (mloU) il it 4 a2 loU
(S S, XSRS AV RE AT 25 5 PRI R 84
E XU

mioU = —= i = p”K
K +1izozj:0p|j +Zj:opji — B
SE A ENT SR, AP RN AN H ARSI
SRS R s APso 2718 10U [B{E A 50%F)~F- 47K
APzs K75 1oU BB R 75%0F- 1K FE

2 HER5H5H

FiTAL G-Mask2Former 754 2437 5 T Rt
J S A EV RO O IR, R A
EHEE I R— RGN B e AR et
FTIERRLS , K i AR 7 5 L Ay i R A7 8 4 7
FAs, Fodn 15 ™ AR B T Ak 25 SR T AL
21 SRR

R VEAL A B A S, AR T
Ase . H, B— . BT REHEEM
Mask2Former 43 il i 47 5% 5] 43 50 R0 1 S 43 1k
5, AR REAR IS E TR T
R BE DR S BRSSO AT S AU 2R, 55 A
TR = A5 R IR LA S5 2 [ k]
B, X — RN, M T -y
K (AP) | 5251t (mloU ) ARl S 4



502 o AE A F AR

5 47 5

)52 ] T kX 25 R v AN S 48] 43 %I4T 45 T mloU
g, PUE X EES T AP 4551, 45K,
ERERSHEEANTEL T, 2E55E
GRAE 45 TP F8 b B IO T 5 AT 55 A XY 1 b
fite TIAM R 2 EERTTEES)E, WiEs%E AP
80.99%#2 1 & 82.26%, mloU M 83.71%iEF %
84.38%; 1M fEMX4E - AP M 86.93%#E T+ =

87.37%, mioU M 80.43%#¢ T+ % 82.83% (£ 1)
EAREERE, APsftRm I 296 A A, KU
ISR T R ALRE T, SN S EOTaY AT
ZWEAT] o X S5 SRR AL S5 AU G 50 4
Fay 23 ) 3146 B A 0T L RS i 2 i B R S 4 i
FFTHE T, BRI Lty IXHk, 3 A 7B
SrEITERE, [FIETGEE T i S o RS B

x1 HEKKEER
Tab. 1 Resultsof ablation study

N CyES $oiib4e Validation set T Test set S
Experimental protocol API%  APy/%  APs/%  mioU/%  AP%  APy/%  APs/%  miloU/% Parameter/M
H—hE 79.58 83.31 79.96 86.94 90.49 87.02 43.95
W 84.38 81.94 43.95
FEHR 80.99 87.43 81.32 83.71 86.93 90.20 86.15 80.43 43.95
£l S 82.26 88.85 82.66 84.38 87.37 90.51 89.11 82.83 44.25
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Tab. 2 Experimental results of leaf instance segmentation across models

Feoy KiiE4E Validation set WL Test set B

Model API% AP5/% AP:5/% API% AP5y/% AP:5/% Parameter/M
Mask R-CNN 75.24 82.37 76.81 77.85 82.47 79.56 43.92
SOLOV2 75.79 81.73 78.20 83.60 87.37 84.67 46.18
Condinst 76.81 82.80 77.93 83.37 8851 83.59 34.11
Mask2Former 7958 83.31 79.96 86.94 90.49 87.02 43.95
G-Mask2Former 82.26 88.85 82.66 87.37 9051 89.11 44.25
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Fig. 3 Visualization of leaf instance segmentation results across models
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Tab. 3 Experimental results of semantic segmentation across models

Y I F4E Validation set ML Test set BH

Model mMoU/% 10U /% 10U suus/% 10U 55/%  mIoU/% 10U sa/% 10U sil% 10U /%  Parameter/M
PSPNet 77.80 70.94 62.68 99.76 74.69 61.01 63.36 99.72 24.31
Deepl abV 3+ 81.19 74.06 69.70 99.81 80.08 70.17 70.27 99.80 26.68
ResNet-UNet 82.19 77.06 69.70 99.83 81.86 73.74 72.03 99.81 40.89
Mask2Former 84.38 78.04 75.27 99.84 81.94 73.65 72.38 99.81 43.95
G-Mask2Former 84.38 77.68 75.60 99.84 82.83 74.01 74.67 99.81 44.25
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Fig. 4 Comparative visualization of semantic segmentation results
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Tab. 4 Comparative experimental results of different leaf disease segmentation models

3%/ eaf segmentation

i IE43E /L esion segmentation

B ——, e~ o
Modd TALE Test set Y TIALE Test set S Total
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