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Abstract: The acquisition of high-quality multispectral remote sensing imagery is a fundamental pathway for understanding
earth surface physical properties and monitoring environmental dynamics. Multispectral data, particularly involving Near-

Infrared (NIR) bands, reflects the unique physical attributes of land surfaces, which are crucial for gaining deeper insights
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into vegetation health assessment, land-cover classification, and complex environmental analysis. Such data provides
essential scientific support for regional ecological monitoring and territorial spatial planning. Deep learning has become an
important research direction in remote sensing image interpretation. The core objective of these deep learning applications
relies heavily on large-scale, accurately annotated datasets to train robust predictive models. Most existing generative stud=
ies focus on standard RGB image synthesis to alleviate data scarcity. Although substantial progress has been achieved in
terms of generation quality and diversity using latent diffusion models (LDMs) , directly applying RGB-pretrained founda-
tion models remains inherently limited in their ability to model multispectral physical dynamics. In real-world remote sens-
ing scenarios, imagery often exhibits complex spectral correlations and domain-specific spatial patterns. Relying solely on
RGB-pretrained weights makes it difficult to faithfully characterize the physical constraints between specific wavelengths,
such as the Red and NIR bands, and limits the ability to uncover latent geospatial features. Moreover, since foundation
models lack multispectral representations, simple channel expansion approaches are highly susceptible to distribution mis-
match and severe generation degradation. Consequently, exploring efficient adaptation of diffusion models to better capture
the multispectral domain has become an important research direction. However, from a computational and structural per-
spective, training large-scale multispectral diffusion models from scratch remains computationally prohibitive and highly
resource-intensive. Most widely used controllable generation methods are still limited to treating spatial conditions as
simple structural constraints via shallow convolutional encoding. As a result, they are insufficient for modeling complex
geospatial layouts and fail to adequately capture the inherent high-dimensional textural or spectral features of specific geo-
graphical categories, particularly in scenarios requiring precise semantic alignment. To address these limitations, this
paper constructs a parameter-efficient Multispectral Controllable Diffusion Model framework, with the aim of providing
robust data support for multispectral image interpretation tasks. The proposed method efficiently adapts RGB-based models
to the four-band (RGB+NIR) remote sensing domain through a decoupled two-stage training strategy, which ensures con-
vergence stability without full network retraining. We employ a parameter-efficient fine-tuning (PEFT) strategy that injects
lightweight adapters and Low-Rank Adaptation (LoRA) modules into a frozen pre-trained backbone. To capture complex
geospatial patterns, multi-scale depthwise convolutions and modulation mechanisms (MSM and MONA) are integrated into
the architecture. Crucially, we introduce a spectral consistency loss based on the Normalized Difference Vegetation Index
(NDVI) to enforce physically plausible correlations between the Red and NIR bands. This loss is constrained by a bright-
ness threshold to exclude noise from low-reflectance regions, ensuring spectral fidelity. “Additionally, a text-aware spatial-
semantic encoding (TASSE) mechanism is designed to enable precise control over image layout using semantic segmenta-
tion masks, explicitly mapping category-specific text embeddings to spatial features. This design ensures the synthesized
data's practical applicability and physical relevance, providing robust support for research on diverse land-cover categories
and the development of downstream segmentation algorithms. Systematic experiments conducted on standard datasets,
including FLAIR, Five-Billion-Pixels, and IRSAMap, reveal performance differences among generative models and vali-
date the usability and inherent challenges of the proposed framework in real-world data augmentation tasks. Within a uni-
fied experimental framework, we compare our method against state-of-the-art approaches such as ControlNet, T2I-Adapter,
CRS-Diff, and EarthSynth. By evaluating metrics like NDVI-RMSE, CLIP Score, and LPIPS, we assess the influence of
physical constraints and spatial encoding on the model’s ability to synthesize high-fidelity multi-band data. Experimental
results demonstrate that the physical and spatial information integrated into the model plays a fundamental role in genera-
tion tasks, allowing the framework to successfully generate valid NIR bands, achieving an average NDVI-RMSE of
0.3173, and outperform baselines in both spectral fidelity and semantic alignment. Furthermore, utilizing the synthesized
multi-band data for training open-vocabulary segmentation models yields mloU gains of approximately 0.3% to 1. 0%.
Overall, the construction of this framework effectively resolves the channel mismatch and physical feature loss, providing a
resource-efficient data foundation for advancing remote sensing image interpretation from data-scarce environments toward
comprehensive, high-quality multispectral modeling. In future work, the proposed parameter-efficient adaptation frame-
work will be continuously expanded to cover a broader range of remote sensing modalities, such as extending the generative
capabilities to hyperspectral and Synthetic Aperture Radar (SAR) imagery. This expansion aims to better capture diverse

physical properties and complex scattering mechanisms under different environmental conditions. In addition, we plan to
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progressively incorporate temporal consistency constraint mechanisms to facilitate the generation of continuous remote sens-

ing image sequences, thereby providing robust data foundations for long-term, stage-wise land surface change detection

tasks. Beyond spatial and spectral enhancements, advanced large language models (LLMs) will also be integrated into the

architecture to improve the framework’s comprehension of complex geospatial instructions, ultimately achieving more fine-

grained, interactive, and user-driven remote sensing image synthesis.

Key words: Image Generation; Diffusion Model; Multispectral Data; Near-Infrared ; Low-Rank Adaptation.
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(Huber) 51 K PREE S

1 L
Lo = Ay - @meeﬂ ( NDVI(R ,N)(7)

-NDVI(R,N))
L, H( - ) 78 Smooth L1 2% pREL, A, MK
&

BRAE Y XIS K IR 2Otk A8 b A B A
TR 83 B M) O RE AT - 2O I BE R A v T 204k
PeBL, SAHP A RS AR S o e, A S — 205 |
A H — 4k K 1K 45 %0 (Normalized Difference Water
Index, NDWI) 28, X4 0 5 3 21 Ak B =2 18] 940
PHOCHR AT A

NDWI(G, N) = C-N

CiN+z @)X ,c

MNY R RGO S b B R %, 5
ND VI 24 5214 b 38 7 20— 30, [T SR FH 27 1 {1 4
IR LG AU R R G SR
Q' ={(b,h,w)|G,,,+N,,,>7) (9) xf
Az 0 2 Y S it A R 45 1B B S NDW T 2
()R A AL ZRAT LT A0S
NDWI(GA*, N),G = stopgrad(é)
WIL—SHEB e S
1
. W(bﬁh.men'
N)) (11)
S — B B R R sR B R 2 R
Lot = Loensice + AreeanLrceon + i Lrovt + A Lvw
(12)

(10)ND

Lopwr = A i H(NDWI(G",N )-NDWI(G,

1.4 TR E)1E AR AIHLH

AR o3 F v v =08 SR BT R
5 SO R X 57 A SCHR T SCAR IR 23 [l 7 S 2
WAL o 12T 5 AT o B RAT S 454 2 o s
TE ) 1 SCAR A S RIS 28 2 (B A P, T 3
B o XML YRR R R AL 1 s ] — 2y i X

&I

TokenfR N\

| XAGEEEE Hﬁ’l&i&%h }—>| KMRY

SIaMi B BREY

K13 TASSEBIRLE ALY
Fig. 3 The overall of TASSE

SCASTE CRAE . A T H 1 L0 o, B e
TN G SCAS G A% i A L HC X6 7 ) SCAS S0, AR
Token 2% (1) e 75 AL«

H, =[h, hh;] b, cR™ (8)
K, T RIS AR Token K EE . D, AR SCA
Bt 45 [T A P LE R AR AR o Oy DAIX 2 Token AL
HR B — B S DA AR SCT AT — Al 2
LMETE R ZE . RS Token B H ZEMEIEAT
A, IR P S E R AT R B o B> Token fFLE
TR
o = exp(wTh“)
” zz:lexp(wThv’k)
K, we R Fa[ 2] 280, e my 2K 5|0k
HRAGE A ANAF

T
— Dw“
€. = zac.thc,m €. € R
=1

(9)

(10)

B, APPSR H S0 ik A LSS 2 Control-
Net 3= 45 114 38 18 48 £ -
e/ =W, W, eR""" (11)
K H, D, I ControlNet H2 AP EB 254 i A 1) [ 72
HIEAERE . ZBGE IR IR T A T SCRIERE
ST ZR 3T W 2% B ARRIE 25 8] 8 6 55 o 2R g T L
SrEIE S e RV SR AR R B0 B — A28 51
1D, T S T SRAE LA DE FC Vs 76 25 A 1 43 FE 3 (H'
W )o EEXTREAN SR ¢ A — > R A ()R
M(,(x,y)Z]I(S(x,y)Zc) (12)
R T( - ) AR AL R IR 2
SCAHRA &, 7' 2 X T 25 TR, A LR 24 Y 2%
PHRFIEI
Fxy)=é ifM(xy)=1 (13)
TR AR T — A i 2 A 25 T i SR 2% A
(S
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F e R >W (14)

1.5 IIgKReg

AR P B BOll 4R350 | 5 75 20 S A A
Ti1) 22 )1 0T P T, I 3 s s il g
X FEAIL AT R DR IR T AT U SRR | Ik
B 1 G BC 5 28 (86 S 55 (8] A AH BT

BB 268 B I

A B BE B K T 25 RGB AR Y3 Fic 2 U 9% Bt
TEREE . AR Stable Diffusion #5751 54 (25 1§,
JE A SCHR S HF RS, AU UNet 51 AR IE
BeAE sk LA K VAE B A S th 2 S8k T 8. B
i SRR =R ARl A R | R S B —
HorEik . Lo, ZgK L, TR UNet N
FRR AT YN SR 240, HLAf 0 J2 V8 in M 7 55 5 28
W 2 ] 1) 2 5% -

L joice = zmc.z.e|:(5 - '50(475,0))1 (15)

2, RN A ¢ RITEAE B , ¢ SR €
RS e, AU LR A . Sy S R U e i X He
AbBR L ASSCN VAE (98 R = AT RO . ik

L. WE A KRS BRI R ¥ 07 15 2
(Mean Squared Error, MSE) :
Lo =la<z| (16)

L, x B ZIE AR EE , & O VAE fift 55 25 1 i
o RGO A R A SCTI AT R(8) i LY
NDVI — EHERL R Ly 5 — B B S0 K pR
é&j‘j
Lt = Liose ¥ XroenLoceon + Auilyon (17)
LA T A g P2 TR 1 R S
5 W B s A TRl I 2
55 Wy BN E R FH B S4B RS BURS 4 1Y)
Z (Al o ZE ML AR SCAR S 5 — B B AR AL Y BT
A SH(EEIEE R L) , JF 91464k ControlNet 43
SRRSO 1) SCA A 23 (R St i, B
SEFSOARYRIR ¢ FIZS AR sKk & F 3T A il 25
P A LA Sy e 75 500 1 T A K
Lo =B ] /€ = €fzaeF) /3] (18)
I PR 20 R  Z P B A A RS AE R
P — W B 15 20618 A4 AR I TR T, 2
2J A AT Jed 3253 (B ARRAE (R BRSO 3R

2 IS H5SH

2.1 SKIGHESE

R B UE T4 5 A RO L A = A TR
£ S

1) FLAIR %4 22 (Garioud %5, 2022) : FLAIR J&
— AN FIAEL 1435 ] - b 70 55 ) P v s 4 . 18K
PR 25 A 20 ER o 0. 2 KM 2s AR 4, £ &
SIS B VIR S DU A 6T i B - 210 B0k R
V6 KT LT AN (NIR). o JRL UG 85 43 B S AR 1 48 05
S12x512 G E MR H . FEbRiE 7 i, B S a5 T
13 AN 2850 . R 4 1 36 61,712 A~
e TN GRE , 5 ST 1 R 4, 3 A
15,700 A1 16,050 4~ B

2)Five-Billion-Pixels $(4fi £ (Tong 5, 2022) : i%
AR SRHE T PR N 4 KIS — 5 (Gaofen-2)
AR, BT XA E AR B+ b B 55 i AT 55
BT 150 MR P g, bRiE 724 1
BT TR 2 o Rl BRI R R SRR S 1R
N S12xS12 R R EIB . AL PRS2 80s  JL 42
it 61,712 SHNGRAEAR LK 15,700 SHIHAEAR

3)IRSAMap %4 £E (Meng 5% , 2025) : IRSAMap
S T [0 5 0 9 2R o b 7 5 O Tk T Y A R M 5
Pt o (T M — S S 55 VR 9 RGBNIR 1Y
WBEAR SR RS — R 0.5 K. B 5
il 2 A S B S RN A 79 AN BRIk, 52150k
IR 512x512 QR R B IEEA S 10 4
W SCEBIAR TS B, B2 20,000 S B, 3 K
T 180 J ANl ST Ay M LA
2.2 SEIFMIERR

J TR VAT AL BT R AR T AR Sk
BT NDVI-RMSE ., NDWI-RMSE ., CLIP Score . LPIPS
FlmloU 4 /NIEANFEBR , 43 0 MO IS R L (1 L —
Sk B T LR I R R A A R T 4R A
S

NDVI-RMSE : £ Y14 BAT 45 52 R A4 % B 1)
J A 1 4 B OB o AR SO A — b AE B 48 2K (nor-
malized difference vegetation index, NDVI) 1) 3 77 3
%22 (root mean square error, RMSE ) >k i b £1 68 Bt
5k 2L A Be (NIR) (8] #0635 — 3Pk . NDVIY it

© h[E KR KL AR



LMW, TRE, KHEK, BRE, FEE, HEM
ERILEREGURERNT ERESHBRERS HIE—BEFS)

N NIR - Red N \
%:/Aitﬁ NDVI = NIR+—Rede+€O jﬂiﬂiﬁﬁ{ﬁlﬂ‘]

BRI A SCBOE SO AR R (X 6) LA BR B 52
IK AR AU A 358 F 5 RMSE. NDVI-RMSE
{RBRAR , 2R I A B AR R G R I A I LS A0 A
T R L A
NDWI-RMSE : BR A # 41 , IR A J2: 22 56 1% 3 1845
B oy — 2 BA MADGIERRE A M), o6 B
J AP 5 1 T L1 AN BSOS 5 R A 1 i B e i
FUAEEAR I o AR 305 A~k K A& 48 £ (normalized
difference water index, NDWI) A 34 5 4R 1= 25 4E J b
FEOGTE A FR AR , T b etk B S 214k B
Z A AT — b . NDWI AT A 208 NDWI =

Green — NIR \
o — - A l\ .
Creon s NIR 4 5° 3 NDVI-RMSE i 4 27 5

2, FIREBE S AR BB LA BRARAE e LSRR
A B F TS RMSE. NDWI-RMSE {H #41% , 8 /4=
JAARAEAKARSE 1 49 DX B B G 3R A5 LS
B o

CLIP Score : J T-3PAl A= BUEMR 5 i A SCA 7R
Al Z [B) ) SORS 55 BE o AR SO AR HIE F AR IR
B BN ZR bR CLIP AR, T2 R 7 32 PiC 1 Ja%
B 1 MovSeg (Ji 55 ,2026) CA SIS Fifid & o %
J5 5 B8 S YR b AT B P I 1) S R R T SURR
fiE o CLIP Score 15 73 8 /&) , R A2 N 28 5 SCA
TR AT S — SR

LPIPS: F| ] 2 > J& 0 18148 e A1 UL JEE (learned
perceptual image patch similarity, LPIPS) (Zhang R
55, 2018) PPl AR AR R I FL ISR IR bR AL T
BB E TSR A MR 5 B2 8 (ground truth) 2
] AP AR R 25 o LPIPS R BRI , 2 W A= il [B1 45 7 Je
R 5 SR B A

mloU : Jg 30 kA= OB 76 Ui A 55 Hh 4 R A
(B, ASCRT T IFRGRIE r #1928 . Bkm &, e
A3 bR 5 | AR O B 1Y) 22 61 AR, R
GO 2 43 B AY I FF- 2422 9 L (mean
intersection over union, mloU) 7F E 52 X 48 [ PF-4h
HAERE . 9250 PR 268 SAR TR o B S A
MovSeg (Ji %5 ,2026) /A Zk . mloU {EL#E =5 ,
WA B PR B 8 L 448 5 1 OB, eI A AL
SCREFHB A 1 2

2.3 BGE

AR J7 LT PyTorch HEZRSZIN | FF A3 S5 56 1 78
NVIDIA RTX 3090 Ti GPU | 5¢ i, H U% I ¥ iy
Bl GRoims o 58— Br R B TR Al , A LA
T IR AE 1Y DiffusionSat (Khanna 25,2023) i il|
ZRCEWIIR AL A o BER O 512x512, 1145 12,
000 5, 2 iR 1 x 107, #HR/N R 8. IZMYEE
SIS E R A ms DA 58

55 B B TS o) s AL e 7256 — B Bt
P Bl - AR S S5, 5 2] 2R 1}107°, iR
9 8,k 12,000 25,3 J3 H] ControlNet 733 A% ]
2SR, FEPIAS I ZRBY B, #42R F bf16 TR 5K
FEVNZRVAREAR A7 5 .

AR SCTERESR P B SCAR B R Hh 85 S i o
FNE A AR ER L A s s JFEE— P A
AR A K [R5 B, DAY 5 4 R il AR R e
PS5 —2k.

2.4 ERSHEZGHNESLE

FJBIR TASCHR I 73 5 4 Fh 3208 07 0
FE T HEAE I o % EU SRR e BT A E A i A AR
T21-Adapter (Mou %5 , 2024) F1 ControlNet (Zhang L
85,2023) DU S P Jk L B R CRS-Diff (Tang 45,
2024) F EarthSynth (Pan J % ,2025) . WAL $8 454
3% NDVI-RMSE . CLIP Score Fil LPIPS, 45 “-" %8
FEL TSR RGB & L, Toik A G 215k B
[tk NDVI-RMSE 5 NDWI-RMSE ¥ o i i18 . 4
ABI P eSS R LUK R o SEERSE R,
AT EAEA TR b LSRRI . BARNTF A
S I BUS T B AR RG34 LPIPS=1. 5452 Flf &1 1Y
CLIP Score=0. 1607 , .} 5 HAth 5 Al Lb , A SC 5 %
A B PG ELA B v ) N o o 5 TR AR A o SR S5
FE o WA AR A SO R ME— AR A Al
AR 2 A0 B s B HE B8, S 2 NDVI-RMSE
0. 3173, NDWI-RMSE Jy 0. 2854 , % H 5 B 763X
WIE AR I TRIES 5

Kl 2 B/ T 7R 3CJ5 7 5 CRS-Diff & EarthSynth
M EHEXT LS . ARl R A2 i A X E IS 5
R B S R AIE B SCAR B 7R 1] (U S i AR AR
TH I IR T DX SRR 2 A PR G A R
R T AR () RGB AR J4E R, 3 xF b T A
J7 2 B 44 i8] (NIR-Red-Green) 5 HL 52545
(ground truth) .
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TEAL 5 Jo1 et 5 SCAS — ZPE Ty 1, CRS-Diff A= ik
) R AEAE RO, AR5 2% B R 5 3T X s
Bk = 20k7 B 20 B ; EarthSynth 42 5% A9 4 1F B 880 T
W AELH A IS8 D5 SO A AR A R, A LE
Z T AR EA R B A S R, HAEHER
e 107 SCASHE 7R T o LA B85 B RARAR” Ry ), AR S5 1%
REA% A1 15 T SO O] — B0 ~F M S B T A L
T3 23 A S R T T N2 MELL 58 A ALk
I SCASH IR

125 (8] — P 5 T A SOy k5 A SRS

TREE TREHRT 55 . T I ST MoK AR S5 [ 1 )
(8 300 LR AR AR SR 29 s AR L Z T, X LU AR A
IR AR 4% B AT AR M 505 18 bR %
AVERL . A, W% 65 SR TR A ST g
IEH A L 2040 (NIR) 3% Bt o 7E NIR-Red-Green 15
B A X B LT A £ B ISR TP Y
FOCTERFE . SIARDGE -SRI R AR T 200
T 2140 B ) By B OCHE A AR 1 AR B 1 OGS
HERATE

x1 EARHEE L, MARENAESAEREHRTEHRITTEELILR

Table 1 Quantitative comparison of state—of—the—art approaches on different datasets.

IRSAMap FLAIR Five—Billion—Pixels S
Jrik NDVIENDWI= ) pppg NDOVIENDWI= oy pppg NDVIENDWI= ) ppg NDVIENDWI= s s
RMSE RMSE | RMSE RMSE " | RMSE RMSE | RMSE RMSE " |

! ! ! ! ! ! ! !
T20-

- - 0.06041.6713 - - 0.148 14966 - - 0.11201.6377 - - 0.10681.6019
Adapter
ControlNet - — " 0.07251.6900 - ~ 0158 14500 - —  0.11601.6400 - —  0.11551.5933
CRS-Diff - - 0.08031.6732 - - 0.166 13916 - - 0.11941.6242 - - 0.12191.563
EarthSynth - - 0071117259 - - 0.16371.4962 - - 0.11191.6613 - - 0.11561.6278

Frit gk 0.3008 0.2714 0.1350 1.5444 0.2507 0.2231 0.1794 1.5178 0.4005 0.3618 0.1676 1.5734 0.3173 0.2854 0.1607 1.5452

2.5 ERSHERGHEES T
&3 EOULJE /R 1 T HE S8 7E 85 2 15 b s 4B o
IRz ARE ) o SE 00 i [ 1 o B R
23 (A5, ) FH 22 S AR 0 SCA R 7R 18] CRE R IR 3 SC
AH H AR A ZE TR ) SR SRR AR A B, B AE AAILE
SRR T — 50 T A 2 5 ST A TR M R

HRAMAZ R 1 317 Bs TAREIRA G B
SRINHE ) b P A R RAE o R X B
(21T PR TR : AR B 2 1 8 T TR G 0, 3 o i
Z R AR Bl IR I A 54 0 & 22 ) iE
1 R 5 SRR FH e B AR A ARG R O 1,
BT LR FE VS SRR . (AAS R B, AR
FE 5 T S N K T DX, R R R T R 1 )L
T 25 ¥4 PR FSBE 7, B 2717 P SRR Ak PR 2 FE R
H ARG P, iR R T R NE A TR
BT 23 [l U RS i

B AR (04 B (NIR-Red-Green , 55 2 .4 47)
E— 2B HIE T NDVI — S 2 X3 4 B 147 20
A AR IE RS ) 4 2 fa R e R G i PR 24

L35 K6 XoF 3 21 40k B i) e RS RE M TE RO 8 5
] H 2 R O R ) A T T A R O Y AR
FH G ATE, DL RO FUASE K X35, T 4r
AP EE D 2 AR, BR 2 E s T X
PRI DE 5 TR A 1) 1 BE X 5, FE 43R S T A SCH
H ) Py B2 SR 8 6% 1 D AR G B LA R S 2R
B B ] Bk 2 B8 G T SR W A IR R
TN R AR AR A Y O A e, S TR
FZOGIES T 1 i A A .
2.6 FRAEREGHSEEINERRSH

2 2 & 7~ T 7E Five-Billion-Pixels. FLAIR I
IRSAMap 3 MG AL b () FF RN 430 T 45 4R .
S v R H 22 061 S AR T ORI 43 HI LT MovSeg
(Ji 55, 2026 /EOA I 2k o 5280 FZEXT T 3 Fl
SREE T E RTINS B « ORI LSO DI 25
MY FEEAERA (JE 8 GT) AE B SR EL Al b 35 AR S
T A U AR R RL (122 GT+TASSE Gen) ', LA K&
B A% fE RGB 4 i A= i AR 9 BE R (I8 GT+
RGB Gen)
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aMw, IRE, FipK, BRE, BEh, FEl
ERILEREGURERNT ERESHBRERS HIE—BEFS)

TE Five-Billion-Pixels % #& % I , GT+TASSE
Gen J7iEHUS T B i B9 mloU (63.95%) , ft T FE 1
BT (62. 99%) M2 GT+RGB Gen J71%(63. 47%) . 1E
FLAIR #84E L , ARSCH W R SC 30 T e P e
(59.13%) ; # [k Z T , GT+RGB Gen 1) 45 F
(58.65%) & AL T KL L5111 (58. 97%) , iX K B 5
M) RGB A WV AE MBI b 7= A 1 SR T 52

An aerial RGBNIR
image captured in
October (autumn)
showing mainly
herbaceous vegetation
80%, with agricultural
land, pervious surface,
deciduous and
brushwood

An aerial RGBNIR
image captured in
October (autumn)
showing mainly
herbaceous vegetation
50%, with plowed land
25%, deciduous,
brushwood, building and
impervious surface

Alilin-1 satellite
RGBNIR image
captured in August
(summer) showing
mainly vegetation 50%,
with background 35%,
building and road

Alilin-1 satellite
RGBNIR image
captured in August
(summer) showing
mainly water 43%, with
background 40%,
building, vegetation and
road

A GF2 satellite RGBNIR
image showing mainly
irrigated field 39%, with
river, rural residential
road.

A GF2 satellite RGBNIR
image showing mainly
irrigated field 61%, with
natural meadow and
rural residential.

XARR B EIE

v
EarthSynth RGB

#£ IRSAMap $H4E I, PRl AR sl U sy i 3t
A3 5 (91.04%) 5 P AR SC Tk w4 e
(91.39%) o ZEGXFLLEE R, 5] A B SCA IR A
(14255 8] 4 % 7 2CAH Lo B 400 F RGB #iE s ey , 75 %
BORE AR L] R T Ui A B A ok — B M R g
Tt AR T i B DR B A R PR A T 25 5, 7 TRSA-
Map - (38 25 A XA R .

MulCDiM RGB

MulCDiM NIRRG Real Image RGB Real Image NIRRG

B4 R A7 A A RO 1 S AT R BT nT AR H A

Fig. 4 Visual comparison of the proposed method against baseline approaches on different datasets

2.7 HRRSEIE

R T B8 AE JIT 1 HE 2 v 4 S B A A A D B e S
B WA 55 i A 8t AR SCR B AL & i R
W& AE e — FE LA AT TIHAL SR . R3AR T
TE YN 25505 — By Be , & B8 5] A JS X NDVI-RMSE
CLIP Score K LPIPS F5 45 ) & F 540

FELA A PERE - S250 LUNAEOR VAE i A 6
FUZ AT BE e . % B RARSCIL T ML RGB %]
RGB-NIR VU 8 B i 3 0 24 B 3 e, L ol 1 a5 2 X
JERSTUIURRAE (1) R 238 L, A T A PR

LoRA EH I VEF : 7651 A LoRA X {4 2% 71 B e

BEAFARRE ORI ) , CLIP Score 271 7 0. 018, iX—4%
J 5 LoRA 7ETE R J1 2 5] AMRER AT Il 25 2 %0 4 o
PERSFIEXS SR B — 2. SRR AUNTER
FIVHBEIG R T SUA AT 5 A AR B] B BE RS X 5%
BB IO UE T w2 08 SO AE 8 S A AT 55 i G
HEAEH] .

Adapter 5 MONA Ay 8K & 3 25« #F — 2D 52 K
Adapter 5 MONA BEHUR | = I0UHE b7 35 52 AR 4L e
g, Adapter 3 izt 75 F % 190 45 i e A e it 9 T o
STBIL ST T ARRIE AR A Y 2T M 5 1T MONA 1
2 AL A 1 iR T T S s (R Y 1 A N T 7 R
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K5 FAEzAere el dif

Fig. 5 Visualization of seasonal generalization capabilities.

F2 EARFIEELFRIFCH FIEEE (mloU) MER
tei
Table 2 Quantitative comparison of open—vocabulary seg-

mentation performance (mIoU) on different datasets.

U ERC AR AR (mloU)
Five-Billion-Pixels ~ Flair ~ IRSAMap
GT 62.992 58974  91.044
GT+TASSE Gen 63.956 59.131  91.388
GT+RGB Gen 63.471 58.654 91237

el B R A T X — B A TR, A R T TR
it

22 N 8 A e (MSM) 38 1t 22 N3 IR B 4 R
RAJRFRSCBLARAE , LA 3 25 A 405 ik . L4
HER, 51 A MSM J5 LPIPS $8 FRIEAK T 0. 084, 755
ARt RN B R R T . R R RGO
2 RUBE 75 () A o IR e ot i HL AT 5 . MSML A
2 RUBERAAIE (9 S =X ], A 80 I T AR SRy L
B i B N3 [A]Z R OC ZR 1) 20 e g, ATt 2
W T AR AR I G540 — B S5 kL SRR

NDVI— SR G L0 - A e e e rhg |
A NDVI — &4 2k 5, NDVI-RMSE i — 4 T (%
0.021, fE L IERE |, i A NDWT — S0P 351 2k % 4
550 41 41 i B vt & /1 24 B, NDWI-RMSE %
0.023. NDVI-RMSE 4 /Mg 35 (-0. 011) , & W]

RSy B 24 o3 o T 2T AN B P R A A A7 AR —
TE B HANSCR | 1] CLIP: Seore F1 LPIPS B/ {35 4
A5 5L A A v A T R T

25 L RTS8 A SR A = TR A b 5 U e A
PERE, F 0 IR T A e i SO 5% 23 RSN 50
T PR LR T A RO S B

FEYINREE B, AR SO 55 — B BE I e A
i — 2108 ControlNet 4337, X} Ho 1443 3] K 5% Ry
RGB fii A 1 3£ 4% 77 1% 5 TASSE #L#il . TASSE 7
NDVI-RMSE # LPIPS [ ¥ 23 . SLge 2 R IR,
TASSE 7£ CLIP Score I [ $2 F1 /1N (+0. 001) , JiE A
TE T %48 B B4 Jey il L — Bk, 2 SRR
TR A A, T TASSE A8 £ 35 0 22 1R B 78 Jay il 1X 4ak
B X5 g5 F Xt 55 1, X 5 H A NDVI-RMSE Al
LPIPS Aol 0o — 3, X 3R W] TASSE i i 57
FEORE S 1 SCAS A 25 A0 A S (R B 5 G 2R, B
SRS B 24 SRR SRR B SR R A 4 5 e — 2k

3 &

B X IR B 2 2] E 2205 JE N FH v I 1 B
i G55 R T B AR #2  R)A, A R RGB Atk A= B
RERUNE DL B BB 2 20t H A s 2k 5 T4
R BUIR , AR SCHE T — Rl i [n] 2015 1 8 MG
A R S ER AGE B OB R, % HE AR i IRk A
T8 IV GO 5 Py BE L RO, A AR SR IR IS AR N S T
AR 2O A AR . FEM R AR
ﬂlﬂ:

1) A5 75 385 SR % 1) A 00 < AR SR T B S B0
RO SR W, 38 2o AE VR ZS 1 B 25 RGB se AR A4 Al =
T4 i AR S B I 6T 5 23 1R SCHE T P s
B B R T RGB Gk 7] 261 R T B T
A R VC B S RRE A 22 S, SC R IR
W AE R IR R AR 25 2400 5 W A7 & A AT, )
PRER T BREREASE R 5 K 5 A= BT 56, SEBE T X U B
(RGB+NIR) 1 S A4 1 = R ELA . (HIZ R WG 1Y
A S ST AR R H AR 2 TR A — i RRAE A
PERIRTEE T, 0 F 5 RGBS ZE R R ML, H
12 C BB 1A AEAH R A JRIBE

2) W3 — B A ) Al A AR G A A
AU 28 AT B OC IR Y B B, AR SCH| AR T NDVI
(G — B 2R SRR 20T T 2006 5 IR 20 Ak B
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LWE, TRE, BirE, BRE, BEE, FEH
ZRIEEBEGTEERNT HEESHSNER SE—BEFES
R3 HMIEBR
Table 3 Ablation Study
ES . NDVI- NDWI-
3 CLIP LPIPS
Bt ik RMSE | RMSE | f !
LN THIE ST €8 ) 0.413 0.351 0.111 1.866
+LoRA 0.406 (-0.007) 0.344 (=0.007) 0.129 (+0.018) 1.804 (=0.062)
+LoRA+Adapter 0.395 (=0.011) 0.336 (=0.008) 0.140 (+0.011) 1.747 (-0.057)
=S +LoRA+Adapter+MONA 0.392 (-0.003) 0.332 (-0.004) 0.152 (+0.012) 1.693 (-0.054)
+LoRA+Adapter+MONA+MSM 0.386 (-0.006) 0.327 (=0.005) 0.158 (+0.006) 1.609 (-0.084)
+LoRA+AdaptertMONA+MSM+NDVI_loss 0.365 (-0.021) 0.318 (-0.009) 0.159 (+0.001) 1.594 (=0.015)
+LoRA+Adapter+MONA+MSM+NDVI_loss*NDW1I_loss 0.354 (-0.011) 0.295 (=0.023) 0.160 (+0.001) 1.582(-0.012)
RGB (1) 0.338 0.301 0.160 1.592
BBt 2
TASSE 0.317 (-0.021) 0.283 (-0.018) 0.161 (+0.001) 1.545 (-0.047)
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