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Instance Segmentation Method of Cultivated Land Based on Visual Prompts
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Abstract: Cultivated land is the fundamental guarantee of national food security. Cultivated land extraction based on remote sensing images pro-

vides basic technical support for the protection of cultivated land, to stop any attempt to use it for purposes other than agriculture and specifically

grain production. In order to realize the refined extraction of cultivated land based on high-resolution remote sensing images, we used the target

detection technology and the large neural network segment anything model (SAM) to realize the instance segmentation of cultivated land under

simple labeled samples, and proposed an instance segmentation method of cultivated land based on visual prompts. In the proposed method, we

used the cultivated land target detection network to detect the approximate range of cultivated land (represented by a rectangular box) at first.

And then, we input the range of cultivated land into the large network model SAM as a prompt word to realize the refined extraction of cultivated

land range. Experimental result proves that this method can automatically detect cultivated land from high-resolution remote sensing images, and

provide a feasible technical solution for the refined extraction of cultivated land.

Key words: cultivated land, remote sensing image, object detection, neural network big model

Bt A 3R e ST IR A RE AL, DUE 1A
WIRSTA TR R PR R . ARk, Serhe . [
F5 BB AR T T RIPARA VT, 1 18441
WL LA 1 BT 45 i A 25 R s AL ] - B P
FARZE, AR, BEEERARTL L, FEPR R
HORHE SRRk SBESEAR HA A TR, ZRIUA
IR, BURHERRATRE L, DI TR AR AR
TERRORAF W rp AR BRI, AT IZ 5

24 LT 1R BG AR RO SR IRy 1k AT LAY D T 6]
XFGR AT VR IR TR BE 2 S W7 0o BT[] %)
I B O B EGE AR T K, A58 =S 8] B A
&, il BORERHE—BUX g, KA AR

BURFAEEA TR SR 73 27

FEIRFE T IR o3 H1 A B ROy B FRE TR
JESL oy B B BOT 3815 T2 RE, JFRE
B 58 R A B B HORE 7 o SR i A D s B sl vy
5, X2 OT AR EARTE R ERAEA, Bhiih oy
HVREAS NS 1) 7 FURE AT 2Ll 53R B st (4 1 SRS
Moz ok, BemE Sy, BUAREGE . ML TIRIETE X
I RIBARFNGRIE S o RIEA, TR AR EEAAYL
e EPMEHIPHE (O a8 PR AR ), A Tkt
TS FIREA ML B FIREA Y " AREE, A5
TERA KRR, FEAS SO RT 8 SR TR H ARG
BT I S UL BE DA B AE , ok kA5



.20 - .32 F i 15 A

020 K5 108

MR A, ARESCIUH AR A LS ol AR
FEHEIX R A SE UG AR AL SR, AT T Hs
R AT 28 AR SAM™,  $a ) — R e
FNTRI S A3 (instance segmentation meth-
od of farmland based on visual prompts, ISFVP),

1 EFNEiRmEaIstEsLieo El

ARSCER I AR AR AN 1 R, AR 34
Wy, BISSARTAL B . Bk AR, b ik o)
Flo XMFHERIEBL, H T LAF AL
L, SRJE R A TREE H ARG R0 28 EA T st A, A3
PRt EAE CEIEHE NG S8R, HEEAE RIZom Bt
MIRBETL L), d5J R AR T HE A S 488 7% T i A 2] I 45
KBTI SAM 1, SCELH i i FEAAS ARl AL B2 30

™ savAmm | "
; [

:, e @

ﬁ m 3 -’

1.1 Edimiib B
FETIAL BRRY B, A SO i A B 08 7 A — 1k Ak
P, EAXNT

| mEmaE |

_ I—mean
[=2=520 (1)

K, 1 RERESEAS; mean Fl 6 4F B G RT
220 TEN ARSI RIS, A SCFE WA B BEA T
G TREMLEIES . I, P, S sh R
1.2 P H bABE

Z WA B2 S, I — s A S Bk
KR4, SEATRRASTIN . X5 FHEG IR, 28
) G 00 T RN RS B 2 AN, AR SCEE ] PPYO-
LOE" 57

TR 2 A RO AR, PPYOLOE 52 7 4
B 3R RHAEIEL, SR )G 7E 3/ RUE M RRIE R
IrRIEREL 20 x20 . 40x40 . 80 x 80 MAGHIAE (EJ—
I8 400 > A4 W HE ), I 5 48 2 AR B K S
(Non—Maximum Suppression, NMS) i tH fx 28 /) #F b
HARKAE . PPYOLOE 240 % 34VBEE, RNJLAbER
AE$E UL B BackBone, 22 RFERRAE A 45 Bt Neck Al
H b [ A5 e Head (42 5 28 51 32 45 81 9 #1457 & [1]
IH) . XTI A1, PPYOLOE 43 Bil44 S 43 ) 1,
40x40 . 80x80 NAHZMEIRI, FIGHAEIH
Bty S={(x,, y)i=1,2,3,...,8400} . RIFH 1%
i AZ PPYOLOE LAY et | 1 4l 28 3k FEfth AR AiE $ HURS

Bt BackBone i 1 3 RIEMHHE £, =11, fo0 fra » FE
LJF‘ fbleR256x80x80 , beER512x40x40 , f;ﬁER] 024 x20 %20 .
f,, =BackBone(/) (2)
s, BackBone() N BERlFRFAE L HC R 2 . 7E £, 1)
JLhf E, PPYOLOE 1 f Neck 5 e 5% F PAN "14%
e Z RIERIEGER, REfrERERR), %
3 A AR RE R £ ={f, oSSt » HoP
[ e ROVEE 1 o R0 1 g RIORX20:20 gy
FoRAAK (3):
f, =Neck(f;) (3)
a2 R RS HRE £, 19 3 ANHAE KI5 A Head
BB, i 3 AN REERRAE I WO ki B bR, 5
BE TG AE 1) 2R B P={f, . [0S nt » Foth €
fra€ RV AR T EIE
Hedos S i M 8 H Dp={fiproSaprSipst > oo Jam €
RYSOS e R f e RO AR
P, Dp=Head(f,) (4)
FEYIZRI BE, AT A 8 400 A-HE Hh i ik H 1A%
A Z: SR [T RS A [R1) - 3 7 Ry SR A
XS 5AH0EIH . ZEMSHERT Y B, 585 T 8 400
ARG e S B HX R i m B (B Dp A1 BIHE %
P, AR TN AR H ARG IRE , SR 5 X 8 400 HE i
FTNMS, MBS & B E S TUAR R G IIAE , 75 3 R 2%
(A LA U AE FarmObj:

1 % 80 x 80 1 %40 x 40
R . fpzeR s

P =Transform(P) (5)

Dp = Transform(Dp) (6)

Tharm 10p =S = Dpl: - 0:2] (7)
Tearm botom =S +Dpl: . 2:4] (8)

T Farm_obj =[T Farm_top? T Farm_bottom] (9)
Farm, ;= NMS(T}, 1, o P) (10)

A, Transform(-) KBt i TP HE /Y 250 % P AN
HAXS TG0 S wFLAE Dp BEA T HES B de, A2
)5 Pe R Dpe R | Dp %K Y T 4t
(BRI Dp(:,0:2) ) NHFIEAEZE b AT F B G Hee S
MR, Ja g (BD DpG,2:4) ) FoRMEAESR T A
IR SRR o Tromn iop P T wop 27 B 0 B A B34
JEHERSZE LA AAR A R AR, oy g€ RN

PG 8 400 BFHL HARHFEFEME,  Farm,, 221 NMS
RS A H AR TEAE



00 K5 108

XNRER ., RTFTUGLIRTIIDO IR BIL S RIS % - 21 -

1.3 BFhscsiie 5
TEA B HF b 1) HARHIEAESS , W58 AR R H T HE
FarmObj fij A SAM #57 | FRAG K51 TE HE N kL5 K i
i, SEEBEHLARE A4k o E] (ARISEBIfE 53] . SAM
RERLE META 23 1) F 2023 4 R AT I A KA, X
BB, SRS HERAE . SO Z RSN )
FRETE D FIRNE, TSRS . 7E4 I i ik
Hh, ASSOREASIN R B R T AE AR S 4R in], TR
HARTEAE AR . X TR A M8 BGEA5, SAM A
P e LT Transformer ViT A B 3RA5 RS A RRE A
F=ImgE() (11)
A, ImgE(C) Jy SAMAERIH (g EHGRHIE S i 5 F,
S Gt 5 B R EGRARE . SR J5 SAM BT A B
PRI 4 TR S L
F ;= objE(Farm,)) (12)
A, objB() WAAEG ISR F, 2S5 s
fit, fie)a SAMBERIELT Fy FF RSB RS -
Mask =DE(F,,., F ) (13)

img?
X, DEC) IFHEM R % Mask 2R 75 B
i, WUE N OEE 1, X THIEMEN, & THHbrER
R, BUEN L, SIMIBE Dy 0. ASCE R TR ZEM
A5 21 A A T A A SAM FRASe 2 A R R, 5
B RS AR B

2 LIOERDH

NS ARNE, ASCUAR S 0], FRiE
T3 000 SR RGN Kcd FH TR H AR A 5 PPY -
OLOE YIIZk, Fpidi 1 879 skl il Al Tl 2o
M, A SCEE A O vE B b A RS RS 2 AP Dy
79.34%, PR R ZEH L ERRARI o

F245H T PPYOLOE 7EM iS4 A s il n] 4R
RZER . B 2a bl KUE H, ASCR R PPYOLOE
Jrik nT DOR R ER RS I oA . P 2b 25 T e
IR I A HE Al EA AR HORS 2R AL SR I 2528, ARl
BB RBER R, WE2bTIE S, 25T

PPYOLOE & H A #F b 4G I E , SAM #5 AU &
larAmland(O.QG) = a1 ' armland(0.36) g

At

a MAFEAPF AR IS5

b MEREABE bS] SIS
2 PPYOLOE 7 Ml #4E Lk it i AT 41k 25 R

HoFs B A A IIRE R S B ok, HAT SN

3 & iE
S BURR AR A AR I, R A AR T I
A, ARSCHAS F RGN R 28 KA SAM, - $i HH — il
BT SR R AR S A 350k . s YTy
WL, ARSCE e T BARKI 5 2 B A UL
AR H PRk, SRR T TE RETE R, R IR
TS FIE A /R T A SAMAS A - SJEA 7 1 4
KLFESRIL, PATHHRRGAVE R, AT AR
AR EL . AR SO R 97 IR AR AR TEAEAR AR A
SEBUBE ) S A, RORFEAR T XK AL REAS R
TERICRE, A SHNE.

2E

[1] 52356 SROAR, 45, 5. @ 3R AR &0 T e An
EBSEI Ty [)]. BB AL A ,2020,35(5):1 127-1 135

[2] BRFEF, 23R4, F A TICA @ & xf £ ad 3012 842
B[], i AR A5 2016,44(7):372-376

[B] 8, E#T, FRL,5 Bt RS sRE gy ns
BARBCAFHOIRI A BI[T]. & B4z 8- ,2008(6):63-66

[4]  SHF, skt 3k, 5 R TRES T 09k B GEHHR
R[] #FHAL 2 ,2023,41(2):98-100

[5]  A24L,200Pok, 15 . AT RIRE S TR eh bk
PRI, P ER TR S X%),2022,43(7):273-281

[6] EBH AT EAYZE ML 55 ¥ EE BB R
5By kR [D]. Y= LR ,2022

(71 WA A AT oK% F0 S RE S 7 ke #hbds
BARI]]. #3277 1845 4:,2012,10(3):51-53

[8] R, B, I, F @exT LS o U E sk
BRI R[], M 484K ,2014(10):78-81

[9] kiER, B A LT AR Unet+Had L Bb X b
PR B 5 RI). ALK B w5 i % ,2022,43(4):36-45

[10] Lu R, Wang N, Zhang Y, et al. Extraction of Agricultural
Fields Via Dasfnet with Dual Attention Mechanism and
Multi-scale Feature Fusion in South Xinjiang,China[J]. Re-
mote Sensing,2022,14(9):2 253

[11] Xia L,Luo J,SunY,et al. Deep Extraction of Cropland
Parcels from Very High-resolution Remotely Sensed Imag-
ery[C]//2018 7th. IEEE International Conference on
Agro-geoinFormatics (Agro-geoinformatics),2018:1-5

[12] Waldner F, Diakogiannis F I. Deep Learning on Edge: Ex-
tracting Field Boundaries from Satellite Images with a Con-

volutional Neural Network[J]. Remote Sensing of Environ-

(#5541 T1)



