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A CanfEYn. S J#ATA X .

BE BRI E,  AHIE TR i — Pl kA 2 RHE S
HER AR B 57 bR 18 S4B A (multi-feature fusion
network, MFF-Net) o 7 3CH#% 0 TAE G 38 9 A 75 1
Ho—, Wit — AN ZHRHER S B, 2R i 2 0] ] 4%
AhadLE, B 7425 Mamba 26 E = 14/ BT
AR, AT I 2% (1) S 0 200 Y R e 5 e L v 4 () AT i
GG TRIX Z KA ), DARR H SCE R K A R R AR
MPEA . H =, TR BB FT a5l A —/MES 3 W
(IR 7> PER T PR AR, DAl 8 8 & o MR e B0k
HOE R SO 5l ST, AR N 2 T B S S
AN H s 2B, 7E B AR B BRI 4 4 I R
5, UEFTIRAE AL A A
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1.1 MHRXEHEELE
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WX (1), HARZ 4100 km®. % XA T B EIT
A A B 3P bR EE S U X P, i P T K 1 2 K
A, AW 130~150d, EEMAEEY N T K. K
H5XKE, —HF—3H], EWEKTNFES KR NRER,
BPrpRas EE LI . M. RS RN

WFREFEH AR — S5 03 2 (JLIGF03) KIERGY
BAE N E BRI, Z2uE R & (450~520 nm) |
% (520~600 nm). £ (630~690 nm) ALLLI4L (760~
900 nm) 4 NEEL, TRISHERN3Im, EEPETE
HEFE N 0.75 m. IEAWFFEIX 2020—2022 5 8—9 H Al
= EIRT 3% 1 15 st B B AE N F s . B &in
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EHATEAERL G DA RS ) 0 HE% 0N 0.75m 1) RGB #4414
ZACEE B A IR AR 2 6 AR T [ MR A R R R,
RSN EOE GRG0 SR I
OB EE MR EREG B, NE8E Ly HIR AR
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Fig.1 Study area and examples of images
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I 5iF TR, S Labellmg Axyd: T X EME AT A
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29.93%. 150 M EAR S 6 7 8 SCbR e 45 S R R Rl Ak
H B R et 4 . F— 4% 401 [ L] BE AL Hodim 4R
R AN GREEFNINRSE, TR I 255 PEAh .

1.2 SRR ARIEZ

BT 18 R FUAR S A B MR T R A 43 1 S A 1)
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Sy RITIGERAR, H IS TR o %145 F B 0T e =5 () 43
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HEZE (& 2), RGHEFBIHr Mo SO B I R N H

125°26'47"E

#5%) —

R AL

oy IS

B2 REB AR E LB AR FAR A HAIER

Fig.2 Technical framework for semantic segmentation and vectorization application of farmland shelterbelt
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a. Vectorization process of segmentation masks
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b. Example of shelterbelt closure calculation

B3 436 %k LB R T )
Fig.3 Vectorization and application examples of segmentation masks

1.3 ETZ4HERARIE X S EEENL T

T SCoy BRI (1 20 1) 1 R L B R T AR Ak 4 R R N
FE: F7o R AE R OB B 2 1 S AR R [ 0 By i B
FURFAE SR B RE Jy v R B . ASHIF T AR Sl I SRR B 4
WA RARNE A, AR TR R SR U, JF 2R Tz Asi e,
97 FH 2 R 2 R AR 25 SRR T TH I8 S o EIARE A
1.3.1 HFAERIA T 4FRARAE T

TERE AL, B ERGH r X8k, 8 KRE
Hbx, B s e T3 B bR, 1255 S E SRR SR
BB R G TSR ik e RE R, DLELH
— H bR R AR AE () 2 R A S, (R — B ARk o %1
NI X, BRI EY. ROR. S EiE
BSOS, X MR, T A Bh SRR AE (7 55
ZE 5, FLERRFIE SR HUBLH RE 68 A 2R IR G SO I =
SRANATREAE . Rk, BRIEARMRERFAESL, REAESE U

Pt N BAA A Ry b SCRUAUSCRFAE ) ik & 2 B e
Transformer % 3ky3: & /7 (multi-head self-attention,
MHSA) HLii f8 1% A R Bl & 4/ B R SCRE, H
HiFBEEREN O, n NEMEHCE, HHE I K.
Mamba!"® & —Fp A 4 RvEE IR 7, %E T
PR OB EREPEIRZS A7 (selective state space model,
SSSM), HAKH AT A LI IR, H GPU Xt 5t
B ARALAS AR B gk, xRS, HAN 250
R, SSSM LMY ER/) (linearattention, LA % (il
FEIRAR P, %P AT RN B BN N T TR S T T
LA, UM% T 25 Mamba I Z8 7= 77 (Mamba-like
linear attention, MLLA) ®F. MLLA fE{RFF & RF &
JIRE B, ¥ EE RN Om), Btk A 5T H
MLLA EXAX, Transformer ) MHSA, #4 % MLLAFormer
(4>, FHIZEROGF LG BRI 4 )5 F R SURHIE .

MLLA  Linear i te— T + +
: f ; t f
4 MLP ‘; MLP MLP
LA T Linear T ?
1 1 ] LN 4 LN LN
Linear Linear ? GAP ? ﬂ
P b b iFLT
(; (9 1 PConv * 1 4
Conv MLLA 4 Conv block FFT block MLP
DConv
: T : T 1 t
Linear Linear LN EClanity LN LN F?T

Ti

b. ConvFormerfi
b. ConvFormer module

a. MLLAFormerfi
a. MLLAFormer module
VE: Linear AZMZ; OMeN AN NZE LR FEMINELIZH; LA RREMEER I 0 KR Sigmoid ¥i%; Conv #RBEM; @R RIZFICEINEIEH;
MLP R 2 ZEAIHL: LN FoRZH—4k; PConv 2R R DConv FRiR BN GAP FuR 425 WAL FFT. iFFT Jy R (4 28 4 J HifiAy
#. T
Note: Linear refers to a linear layer; © and @ represent element-wise multiplication and addition, respectively; LA is linear attention; o is Sigmoid activation; Conv

means convolution; MLP is short for multi-layer perceptron; LN is layer normalization; PConv and DConv are pointwise and depthwise convolutional layers,
respectively; GAP is global average pooling; FFT and iFFT are the fast Fourier transform and its inverse. The same below.
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Fig.4 Feature extraction operator
BRI B R SRR BUT I B A L%, A B2, A#SUH PConv M DConv &8 & HHFILSE
Rk CAE 2 T FNL AR S5 RS BIBIE, DVRRRTHE WU RN S 5R R ERr AL RIE e 71, I PRV L4y

c. FFTFormerf¥itk
c. FFTFormer module
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METUAR, TEBRETFENHEEEEENIHE e (K (2)).

d(X) = o (Ww (X)) 2)
AP X NFINRHE, oRone R Fibth, WA
(Linear) M EZHL, o KR Sigmoid Bk . NHH T
GBI EE M I 4b. LIN %P f 5% B Transformer
P& F e H S s R R 2 —, IR EE
iy FFRFRRRIE SR U 7 250 b —8tk, A5 %
& AL U Transformer ) MHSA, #J & ConvFormer
(E 4b), FHHAEHEG S EHFE -

Transformer ] 2 JZ & A1 #l (multi-layer perceptron,
MLP) 7 &% i 2 a) 35 _E 5 4501 (R AT R SR ), 4
Ko EE R BLR A & R RE IR BR, AR TR 2 #
SRR A B bRl 2. A8 B REAE AR e BE 05 Jl 2R =
BT, DR A 7 R Bl B AR 4 (fast Fourier
transform, FFT) ¥4 A 25 A3 F6 e o i, idk— 2
F MLP B 3 78 A 2 (] 3 BB RR1E, RO TE FFT 2%
fitl 4% FFTFormer (B 4c), FAHIREGZG FIATISERE
132 AT R0 4569 3 R iEar oAt

MLLAFormer. ConvFormer #1 FFTFormer 4} 7| 7E 4=
i~ JR RN A A 1] 3 HOE BRI £ TR IE . 7ETE
SU BN IAEZ IR, 3 FRRFIESE IR T B B A AN A
FIDTHRE . AT H S H 42 A& L Cspatially
gated fusion mechanism, SGFM) H id M P47 A [7] 57
PIDTHREE, AR R Rl (3) ~ (4) fik:

G =o' (X, X:]) (3)
Y=GoX +(1-G)oX, 4)
X, Xy € RO AN [A) R AIE £ BB 7 2 HU R AE
LIRS 7R I8 4 F AT RAAE LI, ¢ o % i JE i 5
RSB, GeRV™ Sy (a)4E B F 14 i,
YeR™™R X\ X, (EFH4EE EIRG 4R, o he w
RN FFIEE Y RIS E. A .

F MLLAFormer. ConvFormer A1 FFTFormer #& B A
[FZRAUREE, H SGFM #HATHRHMIERL A, 2 RHEf A
i (multi-feature fusion block, MFFB) . MFFB & &
FEAERENTE (5, £RETEFR, MNE
HEE Fy, € ROV 422530 ConvFormer A1 FFTFormer 4™ 3
1T 43 SRR AU R AE SR L, SREX, . X0, it — D
SGFM M IER &, A Y. NEHEHRML, AR
FTEIINE 3 MNFATH, &3Ol 222125y e RO
MNFEATAERG 5 Y iod—Pas, W=l (5 Frk:

Foul:yFin+Y (5)
SRR ERTE
—> ConvFormer ‘l —MLLAFormer *l
SGFM SGFM
] gy

—> FFTFormer —T +————> FFTFormer —T +—>

| |

N *Y2

TE: SGFM FoRZ [ [ 1R A WL xy) SRR EE T 2 S 80y RS
R, TR

Note: SGFM is short for spatially gated fusion mechanism; Xyp, etc., denote
layer scaling operations based on the learnable parameter 1. The same below.

B 5 B4Rk oARR
Fig.5 Multi-feature fusion block (MFFB)

K Fou € RO N R 7 2% tH . MFFB 452 H
MLLAFormer $HU 4 JRRFIE, HE5H) 5 R 1 2950,
133 %A HERT

PL MFFB N3, S BB (& 6a), I
4 °4 MFF-Net. B0 @IHERI M dmiD 2y, Z9mid a4t
TANH B, S B BB R (K 6b)
HEAT e AR AR B2 HL, IR KR AL B 08 T 0 %N Dy,
i€{1,2,3, 4 N Ben 5, TRIAS 8 25 36 R0y A RRAE
AT A AR RAE, HJEHES LA MFFB #ibk, L AID ¥
TERNIRID S, 00 THEH NS KR E (250
UG Ci AR AR @ E RO - gl 28 &M B A 2 T R
AN [ (R R AE (BT Fy € ROV oy R oR R N
EIG RS A BE . AN [R)RBE IR AE B F o ORRAIE 4 3
FAAE AL 85 5N o
134 MA%EL5 % RERSEFIER AR LT

ff i A B Je X gm D A A R B IE . (Foy Fs
MFD BATRE. MNH 3 MNIHATHE, BAFERE R
TEE ERFERHEIR SRR E ST HPE—3, '
Je F S BB RE B D B IE St DG — R EEN ¢ (H
VEfRAS B8 S8 , 3511 B UL M 4 1 X 4 A1 3R AT b
KFE, 1FEIF,, € ROWSWE 56 3 AN IHAT 43 3 FRAE S
RAT M IEAEE REK, I S RO G s AT R AE
RAEMmMELEE R, W 6) Fin:

F =¢,(N)([Fup27Fup39Fup4]) (6)

WP F e RVIBVE GG HFAE, NRN FREIES, B
MRS T — S
KNG BT SORET 2 REEERL, geige
AR T ) 5 RS SURAE, X R $8 55
FKulm X EREAEEEH. #—PWEE RERE
5 1F 2 B (multi-scale context extraction, MSCE) 75k
(B 6c), FH T 38 9 i 05 48 10 2 RO 3R 55 i L e
MSCE HIfii NN R A HEE F, SAEBFEREA S 3 N3,
Ko mE BRG Z T EHE (pixel unshuffle, PU) #
ESCElZ RE BT E@s. Kb 1 BEHEH PU
B FAEZS A 4E A 5 S 1) 4x4 B35 B 855 FE 41 78 8 18 4
by AR SR Fa, ZIREERFRE EAERT
AT, K 4x4 X3 F T SOR RS B EEREG N 1A
BE&, %7 LHEN BTN 44, 2 R K
N2 1) 3x3 BRK F AT RS A, i —2P A PU K E
HEBR) 22 PHPIEIEEYERE b, EREERFo, X
[R5 RS2 BT 5%5. 4330 3 AP AE R 4 1 5x5 B
X F AT SR RS AR SEE, AE i F o B9 3
FRAE PR U B AP 2= 5%, RO 3R T AN TR R B 1 1
TXHEEE. MFa. FofF it TRE, NBEAGTHE
I3 25 B [ BN P18 % RO IR B AR AE B D ik, A R R P
LR = @ TE 4k B 9 No MSCE (1] 3 M52 4%
AT AR R B IRSERAAE, AEATh R > 4 R P IR B
FF(E. 33— 8 F] MLLAFormer, 7£Z%HK )5 102 R EEER
BORFIE R G A JRRHE, ARSI R TR N (D

F; = MLLAFormer([y"(F ),y (F o),y ™(F)l) (1)
KNP FRRBA RN Z RENEHE. DX F,
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BEAT EREE, S F R REEME, IR R
REELERE, B (8):

MR 4 B ne B2 __
s i’\:ﬁw L };’m; <L, | }w;z XLy }Ln:4 xLy |
2 I 9 | © |
d | ol Bl B! (B =
g =1 | | |
R IR R TR
N W= B R = e
| 1o ;19 ;19 |
- L w L,Q,,,TJ e Ly e L !
L 9 14 /8
2 - imalamny . | ——C1 S
/32 =
v n B R
|
Fy > E—>Up~p, > SGFM —> C = PComv-N |
ne & | —
' [PConv-3 !
S} /8 I““J,‘“‘
¥
»Fz"é”ap2 ] SGFM e 18 Up —>
I & (o) [ F
! /8
?
PConv-N —| MSCE
PConv-N —
fifhD 25 GAP -

a. i LRI

a. Sematic segment network

F =y™(U(F)) (8
A F N MSCE A2 i) 2 RBEIRERIIE, UZRoR FRFF.

Stem Donwsample
ol Sl © g S q
S gllo o e ¥ 0
—»UQAXEAXQH Héﬁx;ﬁ\)ﬁéﬁ
2l sl E ] BN E
T S o 9 Q
@ 53 154 -4 2 A~

b. Ly

b. Module structure

= I
- -
S £
g 6 g2 32 f 32 PConv-N
(: =T ;: —EaE > S > C +
% o 5 Q Up t4
B ;32 | B2 MLLA :
3 A L, 20 Former
o % Fy £ /32
w ! =]

c. & UM BETRHIE IR
¢. Multi-scale context extractionblock (MSCE)

W Lo M RIRRENEG S B, /47 SRR R A BN T 1/4; L, 5RomBIRE S L, k; PConv-N &R i HiBEHON N IS5,
Fyv Fou Fo F's Fy SRFRFEREREFEE; Up R MIRE XL 14 SR80 ERFEEECN 4 %55 3x3 Conv- Dy, 52 23RN BRI KN N 3x3,

up

WBIEHCN D, B KA 2 BB,

Unshuffle g RS R HHRAE; C RORFEIMEAERE L MR EPHRIE. R,

Note: 7 and M denote the input image and segmentation mask, respectively; "/4" indicates that the spatial resolution of the feature map is 1/4 of I; xL, indicates that
module is repeated L; times; PConv-N denotes a pointwise convolution with N output channels; F,, F,, F, F', F; represent feature maps at different scales; Up
represents bilinear interpolation upsampling; 14 indicates a spatial upsampling factor of 4; 3x3 Conv-D,, s2 denotes a convolution with a kernel size of 3x3, D, output
channels, and a stride of 2; Unshuffle denotes the pixel unshuffle operation; C denotes the feature concatenation operation along the channel dimension.Same below.

6 &R BREL B
Fig.6 Remote sensing image semantic segmentation model

2 FNARE 9 4 K B B SL

ASTHIE TR S 0 Kt B b 2 R i AR R L AT AR
AT, A BRI A SO R ok #E AT AL
G BRI S 7 B A ) T B 200, TR o EE AR /N
Bidr koA L, SEH D RIERE TR DU ki i
B, [ B ) AT A BUR AR R R . ik, A
TR TIRGHUR BB, fE 28 Uk 5 Dice 46
REIPE R SR Lep BB R BT E TIN5 T TR
MR A2, AR TS . Dice 172Kk Loie M L%
PLACTIIN X3 5 S X IR R B T, X R AF
7 1) LR A S R A BT, REAT R R I SRt R PR3
IR E VD] PP 32 I =& Al Bl D PSEP R ¢
L5 SO s, sl (9) ~ (1) Fios:

1.3.5

1
LCE= __WMgtlog(M) 9)
2M M
Lpje =1 - ——— am
P M2+ M?

L =aLeg +BLpice an

X M, H 5 N BGOSR B S8 bR, o BOL

HOPAT 2K LLoargmin L Y H bR, X5HE X4 IR AL AT
u Eam ik, B AERK RS B R e E .
1.4 HEESEESHB YR IRER

JBE T S BB AL B 47 MRy S A A 4 1) 1)

A1, AT GIN— ML T 10 B 0 PR AL ER A

ZIMAE B RN R R B IR R E R PR

g, DS acEl . Btk B bRiug, MmN a8
T AL RS AN ) H N o FE T T BT B USSR AL A A
B, MBS PR (B 7D AR T 4R
FePY i AR B SR B R R R BUR E IR, B
Ja HE B 2 At MFFB A5 HU ) i R AE $2 BUZ - (feature
extraction layer, FEL) DMZHEIRZFRHE, HEEE—NE
IIWTHR) EoRAESS (Upsampler) B S PFHRER, A
WA R T R E G S R HEA R L
KAEESAE, JERIA SGFM [ 3& b7 1l fil & XU 25 i, DA
SHAE 38 R UG R BE I R, 8 b P 55 R 11 S o3 30
EAREE RIS B FEUIZRBY B, R fe i R A S5 i A
T EEIE S EUL SR, RASE L ik m ™)
5 EERIFAER R Log™® HOR A5 5% bR BT B A3 R
BRI, HoE L=t (13) Fios:

L, = 41|HRGr — HRgg|; + A2 Lgsiv (HRgr, HRgR) (12)

A NP TR O AU E R 2L, HRs NS R4
s P E R K, HRer R R EG . &4,
2558 IR R 2y 2R AL R G ] 5 AT v AR BRAS, FH T ETR
A3 BIFT i N AR AT 3 HER AT
1.5 BRERINGS TG

EHC B A Intel Xeon Silver 4314 ALFH 2%, 128 GB
1%, Nvidia L20 i+5 ¥, Windows Server 2022 ¥:1/E &4t
CUDA 11.8 I e £ & v AL T RS 1y I 25 Sl
Wik . 3T PyTorch 2.7, [ Python SLHLIEEFLAG1E
SOy BN K oy HETRAC BB, (R SR 2 HARAE
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X R AR « AR H B P BRI I 2246 R AdamW
AL BRI GR Ay BIREAY, 22 RBE RN 107, FANEIE S
WA 512x512 18 %, I Zead #E d % F BE ML B 5
e, BEMGIBENLEN AN B GRS 5 o B AT .
T o3 BRI M e VAl R H SRS 8 #2 (precision,
P). A% (recall, R). It C(intersection over
union, IoU). B &K E (pixel accuracy, PA) F1-F1
I (mean ToU, mloU) P 2536k5 . 3BIRLAGH 7
HEZE P AL B AL I 250 SR F 5 S0k [23] AHIEI R 77

FFAEHEHYZ Feature extraction layer (FEL)

Dx
m
£
=

MFFB

Conv — PixelShuffle
—[ %’ SGFM — Conv —>

TransConv | RFE#E Upsampler

FE: Dy MFFB WE SR L Y FEL IWEFXELG: PixelShuffle #on %
HEHHAE; TransConv RoR B . A

Note: D and L denote the number of repetitions for MLLB and FEL,
respectively; PixelShuffle is pixel shuffling operation; TransConv is transposed
convolution. Same below.

A7 EEBRAN IR W SARA
Fig.7 Remote sensing image super-resolution network model

2 GR5SH

2.1 BRI IE X 5 EIFR AN
N 5E BV A 70 R UM B AR FH P I 1 S 731 )

BN, R FUE 5> FIME MFF-Net, #HE 3 4
ARG, R0 T NI, MRS PR,
I 1T 5N RE 2 £58 5 RIS, 58 T )
BING 4 58 HE L RFEMIRAAR . TEAREFEH, MFF-Net
KSR E N L=2. L=4. L;=8. L,=4. D=64. D,=
128. D=256. D,=512. C=320. N=96. 4r#lit% 34
WIS AIE X EIREE, SR WE 1 s,

FHEE 1 AT, o HE S Ak B 45 114 A B AT B 2
AR THER . SXTIBAIALEL, 4 f5 FRAE B A1 By 3
RS BRI R 2 BIHEE 0.91 A1 432 NE % A, ToU 43
AT 1.85% 1 6.61%, 18 X5 EH) mloU $27F 2.51%.
R R T Ak BT B b R[5 b s 1 - 1 2 LA R A
F, FERREA IR T iR 0 B . 8o E
ISR T R A ', TS A B ) SR
FIRNGE T, [ 7 H AL B2 iy T A 7 7 b s 1) 5
FERAGMTE R, AR T 15 S5 B M L) E)
K HPREI . AR PR T 8 % L RAE 2
ERALS, HEPLT HEREPE IR R, XA KR
FRFEEMREEEILT R, B SIIZGFEAG R
KESE, BoEIBRMERERIE N, SRS IR
Rk b, — @ R A PR TRAL X o ERE A
EPETHER, el e e Ao BB B 4 bRy
2.2 BN SEERIM B A TTE
22,1 TREABER#E| 4 Rtk

NGIE MFF-Net [ 21, KI5 2R AR R
(15 BEE X IR R BEAT XF LG, A5 2T Mambal™ 1
RS*Mamba?”, 3 T Swin Transformer!™! f#] DC-Swin!**!,
1 LRl SAM™ 1R B9 SSRSEYL 3t T sSAM2BY fi
W SAM2-CDP?, Bl ¢ 3t F % B ) DeepLabV3+",
SegMANDT AT UNet!™,  Fi A% H bR 90 $i 4 S 6] 45 A58 004 7
WGRFMNEK, PrE BB A NI 4 5 L REE R o Je R
AL EE 5 A%, 45 RnEk 2.

® 1 BOYPERIMNENSEBRFMN

Table 1 Impact of super-resolution on semantic segmentation performance %
. b SRRERE S ##h Cropland B g AR5 Shelterbelt SEYIRE R R
No Upsampling KB R FEICIES I KR B Z It Mean IoU Pixel accuracy
' factor Precision P Recall R Intersection over union(IoU) P R TIoU (mloU) (PA)
T B 9551 97.70 93.40 7851 85.75 69.44 8141 93.95
i 2 96.36 98.17 94.87 79.70 87.65 71.88 82.69 94.20
I 4 96.42 98.40 95.13 82.83 87.99 74.03 83.45 94.89
FT2 AREVEXDEREA M4 EELL R
Table 2 Performance comparison of semantic segmentation models
reit) #hih Cropland B4 M7t Shelterbelt ToUM% PA% S
Modals Pl% RI% ToU/% Pl% RI% ToU/% miot/7e 0 Parameters/M
MFF-Net 96.42 98.40 95.13 32.83 87.99 74.03 33.45 94.89 94.07
RS’ Mamba*! 93.09 95.81 92.08 82.53 85.05 73.99 81.69 93.20 45.63
DC-Swin®"! 94.10 96.41 93.07 82.55 85.06 74.01 82.36 94.55 96.17
SSRS™! 90.21 95.69 91.74 79.91 82.82 70.68 80.14 91.01 48.72
SAM2-CDP! 92.80 96.13 92.07 80.09 83.80 71.58 81.22 93.16 85.31
DeepLabV3+!'%! 94.53 96.85 93.90 80.47 84.80 73.62 82.51 93.57 4332
SegMANF? 94.25 97.03 93.86 81.26 85.42 72.89 82.18 93.84 91.56
UNet!” 65.12 80.76 67.73 54.66 72.65 57.05 61.59 78.37 18.97

FHEE 2 WAL, AR FCEE H 1) MFF-Net #5824 75 % T
flifadr DRI . BT S B LR S
ToU 2 Alik 3] 96.42% 5 95.13%, 7E 5 BBk B 4k
WorE b, TE M RIEE 82.83% 5 74.03%. LAY

ZE G PERETE RS mIoU N 83.45%, 18 5A5FE PA ik 94.89%.
AT R FE 51 IR AS 25 [ 45 7Y () RS*Mamba, MFF-Net
R mloU $& T+ 2.15%, Bidr#han A B 5ETF 2.94 M H
gy e, R AEF A AP H bR, B IR
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53T Swin Transformer [¥) DC-Swin #H tt., MFF-Net £
B mloU $& & 1.32%, I T 2 KAk fil & 5 s AH X T 5
— Transformer ZR R LM . 53T SAM R ARG
SSRS il SAM2-CD #tt, MFF-Net 04 B &% . 5
%2 N ) DeepLab V3+AH LL, L AE B AN 57 47 K7 2
E| ToU k43 IR TF 1.31% 5 0.56%, mloU #275 1.14%,
PA #2581 1.32 NE A, i T AR SO R B R TR 4 e AT
% FWE TR, SRIMAFEZ RE BT BN
SegMAN # L.,  MFF-Net 7 B 7 #K 45 43 21 1) 4 [5] 2 1
ToU FAB A B R EETE, 3R W0 il & SUS R AIE (1) SR 7
WK Bbr S e B B . 5
UNet fHLL, MFF-Net (143 #45 B  w T i &
EZHET7 1, MFF-Net X7 DC-Swin, 5 SegMAN

Beilr, & T AR DeepLabVi3+2%, (HAHE 7 A AL AE
FHFHb AT B B opRCHY 1 23 I B b T bR A, R 2
AR TR B E B2, 25 8 B A HH B 4ropk B
T AR SE AR b T R ) PR S AT 55 %) S B R v, R AR
FdTH R AR . B 8 IR T A ALLE S X3 43
ZERLTIRAGXT L, MFF-Net AR R 7y S i i el B 5 b
Ho FERETER PR IX I, RS® Mamba 55 DeepLabV3+
P I 2 W2, 17 MFF-Net B85 RUPRFEMOHT 1% 221
LRk, AR, 7R S MR i 5 4b, MFF-Net (1)1
SIS, R R4 R ). 25 b
MFF-Net # i fil & 425 J5 865 S Re e, #ets G ek
i A Ge AL B AE PR 2 1 o R I A T 2 5 3 SRR 1)
B, AT T B R 1 2 RIS

4% HFarmland [ B3 #k7t Shelterbelt [l 75 5Background

N R e e e v e
N D
& ENRNRRTATANANATAS

4
Example 4

i FUSAERD

Tmages Ground truth MFF-Net

RS*Mamba

DC-Swin

1A WA A W

SSRS SAM2-CD DeepLabV3+ SegMAN UNet

B8 RREEAN,HEE G5 F AR
Fig.8 Segmentation results of different semantic segmentation models

RN BAE MFF-Net 9z L g 1, #t— B 1
LOVEDA $#5 45 EJF g Jriial bk (£3). |
3 W40, MFF-Net 7€ %284 EEUAE T fem 19 £k
f%. BT LOVEDA et T . K2 AR
AR, HaPi A/ NEA, BRGS0 B
oy B RITE R 2R EARABIE RO LR, o ERE BRI,
(AR TR RULE X I M I 43 1) EAI AL T 3 A k. T
HAEES . MREpk Kty b, MFF-Net 24 8 B
LiRgE UL, BPE SR L, AR RE AR
FRi iR rERE, R A A,

%3 AEHEXSHZERIZE LOVEDA RN EIREE LR

Table 3 Performance comparison of different semantic

segmentation models on the LoveDA dataset %
= ToU
. WE O W e Ak PHE mioU
Methods L 18 FCIRYY Jit mlo

Building Road Water Barren Forest Cropland

MFF-Net 60.17 59.29 68.43 3851 41.15 2738 50.54
RS’ Mamba®™ 5875 5792 61.00 3724 39.67 2564 46.93
DC-Swin™ 5891 57.57 67.69 2593 37.10 20.85 49.22

SSRS” 5783 56.18 6637 2639 3894 2352  47.99
SAM2-CDP'"" 5908 53.16 66.14 26.88 3891 2357 48.71
DeepLabV3+"”l 5278  51.89 6347 29.84 3423 1844 44.12
SegMANF? 5896 5050 6691 3572 3741 2565 49.57

UNet!” 5235  48.17 5426 20.19 3247 1632 4261

222 T34 RGE ARG FB S

1 2 Wk BEVTASIAIE T MFF-Net B8 1 43 215 & .
SR, 7R 3B B0 W D2 A, M ThD AR A E A P L 22
KEE., ML, A A H 73 PRI AR A BE ML B
4 NEUGFEAS, ] MFF-Net 2= i #3665, #% & 3a s
$i R T7 e ¥ N Rk T EUHE (Shape #%20) , JRiHH#E
Hh 55 5 4 bR I T AR SR EORS B, Bk 1T S R 2
TP A VR SE AR . e A i A PG 7 25 X 3 A
5P AR e brm Ak B T8 ke EE L E A
(2021 SERAT), FERINFE 4,

ST 4 BRI A, 3ET MFF-Net 2% 45 3%
AL B A AR B B e T . B R TR T 1
PSR ZE LN 7.50%, TIRAGNK . BRRE ARG 37 AR
HEA O E PR ZE R EFRK, 4N 6.76%. £
HAHIE 72 07 VAN BETEAR R R 0 S DURS #f ), L AL
FE B R RS B S S RE T, DA AR SE BRIk 45 TR
XA G TE BT 3K o B PropRas TR s RS B vy, HLIEN
MFF-Net S Ak H5 AR S vE fNil IS0 RIFRFE, &8
Sy HRTH T DR AR S 550N i 77 AR ) A 56 15 22 R

Rt R R AL AR 2 18] A (R S T D
ol 2 F I R AR P 45 6 N X AT 3 T R B
B 4 bR A B B AR B AR R F B 97 pR AR
i HTEY (GB/T 50817-2013), HH 5 & Bl B 47 A5 11
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W& AR 0.75 BLE kbR, T REMGER, %K 3b
PR TT BT SRl A . G5 RERW (B9, 1E
AR d VT A, AR AT, 91.95% (1 B E L
MY P BE AR BIbRHE SR o [R]IN 2E T N TARE S R

(KI5 BE ISR IR 89.37%, WiE 22 8/, 1445 1Y)
AL 1 AR5 i 4R B O% B A e A RO R ke
30T, AR HRATEEE R A S0, 2 B PR R At
TRRE, JEBLT R R) RN AR

F4 HSRIFMEEREREE TG

Table 4 Accuracy assessment of cultivated land and shelterbelt area extraction

(@b #kHb Cropland i3 M7 Shelterbelt
& g3 Ty \ = Y = e - S . = T =
mage samples VAT s CeE TR S e, FARE TR
Actual area/hm” Estimated area/hm® Absolute error/hm® Relative error/% Actual area/hm® Estimated area/hm® Absolute error/hm?® Relative error/%
1 1134.64 1062.85 71.79 82.43 86.85 4.42 5.36
2 1233.59 1108.49 125.10 10.14 81.26 86.19 4.93 6.07
3 1211.37 1141.47 69.90 60.97 67.09 6.12 10.04
4 1202.05 1108.66 93.39 89.77 94.77 5.00 5.57
R H biEakiSite ."ﬁ“f?’: YN Rikhr
}llj‘armland - IShcltcrl_)c_lt Backgrpllmd Compliance Non-compliance

a. §1%

a. Image

= 'L__1,' 1 |
b. 7> FIHETD

b. Segmentation mask

-'L'“IA?WT,Q?{-T*ZIQ—L*jjﬁ

i 818 B il

g 3 yjf:_ j II| l“p.)- )
NomnBEC i)
c. MBI R

c. Closure analysis results

B9 AT REMEIENGE AT HSESHER

Fig.9 Analysis results of shelterbelt closure based on vectorized data

223 ZAFAERRARESE 09N ARXIE

ik — 25 4t MFFB # 0 T #% Bt MLLAFormer.
FFTFormer 1 SGFM Y& LA HIMIEH, W 7 4 M8
AR, FEZAEAY A AN )83 H MLLAFormer. FFTFormer

Former fl FFTFormer, %70 % nia H AL SGFM. 15
T BYERE RS A H il I3 ) MLLAFormer, #5274 C 745
74 B At I J5 F§ FFTFormer, 1% D AR 7T ) Bt & 45
A, #t—P AT SGFM. TEA&R HARM A4 1, X%

1 SGFM, Bl /£ MFFB # A} ConvFormer H{ f{ MLLA- TR AH R RN R AR vk, 45 R0k s.
#z5 FRAEEERMEN SEISEREER
Table 5 Comparison of semantic segmentation results across model variants %

R g5 Qb3 Treatments #rith Cropland Bidr Ry Shelterbelt loU PA
Model No. MLLAFormer FFTFormer SGFM P R ToU P R ToU mio

A X x X 94.86 98.01 93.38 79.19 86.76 71.13 79.37 93.28

B v X X 95.76 98.12 94.03 79.97 86.93 71.87 80.63 93.86

C v v X 96.29 98.38 94.45 81.58 87.48 73.88 82.05 94.05

D \ v \ 96.42 98.40 95.13 82.83 87.99 74.03 83.45 94.89

% 5 %0, BE#%E MFFB ff &% TR IZ 2 5] N,
B B8 X BIVERE IR W PE . TEAEAY A (3EAE I, A
T B 5] N\ MLLAFormer, f# 15 # 4% IoUR &= T
0.70%, FEHIRIEE T 0.90 AN 4355, By 3 AR A 40 E
ToU #2 % 1.04%, % H] MLLAFormer fJ45 5 b SC g
Ae 7, RPRRERBK HbRr) o 53 BA e dHER . 1
B CEBLA B (AL |, 51\ FFTFormer, 754/ Al
B3 47 M At 23 BIORS B R 40 Sl 2 0.53 AT .61 N 2 s
ToU % 542 5 0.45% H1 2.80%, mloU #2755 1.76%, %
FFTFormer [ A3 455 fiE X A% K B b5 2 % B A = ZAEH -
TR AE B2 U fE 0% 338 i e K Hh A7 a0 SRR AR (RIS I, 4R
AN FEIMBIL R T X k. AR D FERRRL C (RFERE |,
BE—2B 51N SGFM, 1585 4 bk o FIRS i R4g v T
1.25 N H 4 £, mloU 7 1.71%, &8 SGFM X% X

Iy BRI R A — 2 BTk, SGFM 2 8] 142 L
REBE TR SR04 AU S [RVRRAE I D R AR Ak, 42
FERCAIE oy B G A IE R . MR TR A, 5
R D o) RS R A ToU 2 B R TE 1.56 N E 2 A
F1.87%, Bl Ak (1 70 SR S A ToU 23 Bl $2 T 3.64
ANE 5 A 4.08%, mloU #5 5.14%, 361E T MFFB %
B . Bk L, ZARIER AR A Wi, B
BT T A AR R SLor ERE
3 4

ARSCHEH T — Rl & 2 R0 508 2 1A 2 1) AR H
B 47 bRy 2 A S B, A% R T T 2 HHIERLS
FEEL MFFB, @ik 2% (8] 79 @k & WL 84 7 28 Mamba
LR AR E T SCEREERE ). BRI R AT K
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HITRE 77 LA B fef BL I A o FR A 0 25 G SR B8 T . TE H I
A H B3 R A TR TR I0E, FEELE T

1) 2T MFFB #4 & )15 X 7> #1458 MFF-Net, {E
RHE GRS FHS TR FRE A 96.42%. B
PR BRS B R 82.83%. PSR FELL 83.45% KI5+
PERE.

2) JERLVHE A ISR | 2 RE RS S o AL B
WA e . SUIBURFAE B 5 A 7 37 AR T 43 0 52 9 LU 3R
2.80%, 7 [A) [ 14 flA HLE S — DA E A R AR T T
1.71%. BINAB PER AL AFE, @it 4 15 L RFEEE
ARG, AE BT 2 B2 I LK IR R T 6.61%, °F
BIAZ I EEIRTF 2.51%, AR T 3 H AR 2 E 3 75

3) SER T MG R o B HE D B R S BN
e, HIETREBMGRITRE T RIS ik i &
FEVPAL R, ST e REHOR AR . AR H LS SRR,
HEH 5 5730 bR 1 F A X R 22 5 N 7.50% 5 6.76%,
AR I E stk B TP AR AL T TS
FORBEAE, HABOR M) TR N A 5

[& £ xx W]
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Semantic segmentation of farmland shelterbelts using multi-feature and
super-resolution remote sensing

ZHANG Qi , ZHOU Yuncheng™ , ZHAO Hongge , WU Wenhao , HUANG Yuekun

(College of Information and Electrical Engineering, Shenyang Agricultural University, Shenyang 110866, China)

Abstract: Farmland shelterbelts can be represented as typical narrow linear features in remote sensing imagery. However, the
significant challenges remain in accurate segmentation, due to their strong global contextual dependencies and weak local
features. In this study, a semantic segmentation model, named MFF-Net, was proposed to accurately and rapidly extract
cultivated land and shelterbelts. Multi-feature fusion block (MFFB) and spatially gated fusion mechanism (SGFM) were also
adaptively integrated with three complementary approaches: the long-range dependency modeling using a mamba-like linear
attention (MLLA) operator, the local detail perception in convolutional networks, and the frequency-domain edge enhancement
via fast Fourier transform (FFT). The feature representation was effectively balanced when segmenting elongated objects.
Furthermore, a task- oriented super-resolution preprocessing was introduced into the network. This front-end step was designed
to reconstruct high-resolution images. Thereby, the textual details were enhanced to sharpen the boundaries of subtle features,
like shelterbelts. Superior input was provided for the subsequent segmentation model. A series of experiments was performed
on the self-constructed dataset of the farmland shelterbelt. The results demonstrate that the superior performance of MFF-Net
was achieved in the precision rates of 96.42% for cropland and 82.83% for shelterbelts, with a mean intersection over union
(mloU) of 83.45%, thus outperforming a range of advanced models, including RS*Mamba, DC-Swin, DeepLabV3+, and
SegMAN. Ablation studies validated the effectiveness of each component within the multi-feature fusion. Frequency-domain
features via FFTFormer contributed to a 2.80% increase in the shelterbelt IoU, indicating the enhanced boundary
discrimination. The spatially gated fusion mechanism (SGFM) further boosted the overall mloU by 1.71%, indicating the
adaptive balance on the contribution rates from different feature domains. Compared with a baseline model, the full MFFB was
improved mloU of 5.14%. Super-resolution preprocessing was integrated with the highly effective auxiliary strategy. Taking 4x
upsampled images as the input, there was a remarkable 6.61% increase in shelterbelt IoU and a 2.47% gain in overall mloU.
The difficulties with segmenting narrow targets were effectively mitigated to augment their pixel-width and edge clarity. A
complete technical pipeline was established from pixel-level segmentation to vectorization and application. Accurate area
estimation was achieved with average relative errors of 7.50% for cropland and 6.76% for shelterbelts, compared with the
national survey data. An application analysis of shelterbelt closure degree was also made on individual farmland plots. The
91.95% of the plots met the national standard requirement (=0.75). In conclusion, the MFF-Net model can be expected to
effectively segment the narrow linear features in complex landscapes. Synergistic fusion of global, local, and frequency-domain
features was combined with task-oriented super-resolution enhancement. This research can provide a robust technical pathway
for the precise monitoring and dynamic evaluation of farmland shelterbelt networks in ecological conservation.

Keywords: remote sensing; semantic segmentation; farmland shelterbelt; multi-feature fusion; super-resolution; deep learning
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