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Abstract: Objective With the development of large-scale visual models, pre-training on multi-source unlabeled remote
sensing images to learn global visual features and fine-tuning for target tasks has become a new paradigm for domain adapta-

tion of remote sensing image semantic segmentation. Across spatiotemporal domains, joint distribution shifts, comprising

WS B #1:2024-11-07; &£ [ B #7:2025-01-15; i EN < B #7:2025-01-22

*BEMEE: TR haowang7cc@gmail.com

BEETHE : FAK A RPA G I H (42171376,42471419) 5 18 AN 1 AR E 8 (20220510072) s WSEH RFEF AR AR NA BHITR 2200
H (10000-A25206020)

Supported by : National Natural Science Foundation of China (42171376, 42471419) ; Natural Science Foundation of Hunan for Distinguished
Young Scholars (2022]JJ10072) ; High-Level Talents Introduction Project of Inner Mongolia University (10000-A25206020)



3154

PEERBEF ik

JOURNAL OF IMAGE AND GRAPHICS Vol. 30,No. 9, Sep. 2025

feature and label distribution shifts, occur due to variations in lighting, weather, phenology, natural landscapes, and
human-made environments. This spatiotemporal heterogeneity complicates the accurate assessment of domain relevance,
challenging the applicability of most “local-local” domain adaptation methods. In contrast, “global-local” learning strate-
gies, which extract general visual features from a broad spectrum of unlabeled data, enhance the relevance of knowledge
across domains. However, current global pre-training approaches primarily focus on low-level feature learning, which lim-
its the ability to capture complex, high-level semantic relationships. Furthermore, during the fine-tuning phase with lim-
ited annotated samples, these samples often reflect only specific scenarios within the target domain, making it insufficient
to fully activate the relevant knowledge within the global model. Consequently, a major semantic gap persists between the
globally trained models and the actual task requirements. This challenge manifests in two aspects: 1) a mismatch between
the global pre-training objectives and the requirements of the target semantic segmentation task, as pre-trained features
focused on low-level information may not align well with the need for deep semantic associations, thus limiting the effective-
ness of model transfer; and 2) insufficient learning of target-specific semantic features during local fine-tuning due to the
limited representativeness of the few annotated samples, which may fail to encompass the full range of variability within the
target domain. To address these issues, this paper proposes a language-guided “global pre-training-local fine-tuning”
framework for domain adaptation to overcome the challenges associated with cross-spatiotemporal domain shifts of remote
sensing images. Method The proposed framework addresses the spatiotemporal heterogeneity of remote sensing data by
leveraging a large-scale visual-language assistant called large language and vision assistant (LLaVA) to generate textual
descriptions of remote sensing images that include information on season, geographical area, and distribution of ground
objects. Rich in semantic and contextual information, these language texts, when combined with visual features, enable
the model to better understand the deep semantic associations across different remote sensing images. For the generative
pre-training strategy of the global model, the complex contextual information in long texts aids in the reconstruction and
generation of detailed image content. For the discriminative pre-training strategy, clear and concise short texts are benefi-
cial for contrastive learning optimization. Therefore, this paper proposes a method for generating long and short textual
descriptions of remote sensing images, tailored to the different pre-training strategies of the global model. Within the global
pre-training-local fine-tuning domain adaptation framework , the language text not only guides the global model in capturing
and understanding the spatiotemporal distribution patterns within remote sensing images but also facilitates the rapid activa-
tion of associated domain knowledge in the local model: 1) during the global pre-training phase, textual descriptions that
include information about the season, geographic region, and distribution of ground objects guide the model in learning
associations between visual features and semantic information, thereby capturing and understanding the spatiotemporal pat-
terns within the imagery. 2) During the local fine-tuning phase, similar textual descriptions assist in rapidly activating rel-
evant domain knowledge embedded within the global model. Result Three sets of global-local cross-spatiotemporal domain
adaptation experiments for semantic segmentation were conducted, comparing discriminative, masked generative, and dif-
fusion generative pre-training strategies to validate the effectiveness of the proposed framework. Using the example of
global-local (Changsha, CS), the employment of language text guidance, compared with no text guidance, has resulted in
performance improvements of 8. 7%, 4.4%, and 2. 9% across three different pre-training strategies, with similar perfor-
mance enhancements observed for global-local (Xingtan, XT) and global-local (Wuhan, WH). Compared with traditional
local-local learning methods and global-local learning methods without text guidance, the proposed framework significantly
enhances the model’ s transfer performance. Conclusion This paper pioneers the exploration and validation of the positive
role of language text in mitigating spatiotemporal domain shifts in remote sensing imagery, introducing a language-guided
global pre-training-local fine-tuning framework for domain adaptation. This framework uses textual descriptions of remote
sensing images lo facilitate the global model s learning of spatiotemporal distribution patterns of ground objects during pre-
training and enhances the activation of relevant domain knowledge during local fine-tuning. Three multi-source, cross-
spatiotemporal semantic segmentation experiments demonstrate that the proposed framework significantly improves model
transfer performance compared with traditional local-local domain adaptation methods and global-local methods without text
guidance. Future research will focus on two main directions: 1) the impact of language text on model transfer performance

over larger spatiotemporal scales will be investigated. While this study conducted exploratory experiments using remote
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sensing data sampled across four seasons in the Hunan and Hubei regions, future work will aim to extend the spatial cover-

age and temporal span to assess the feasibility of applying the proposed framework at national and even global levels.

2) More refined textual description methods for remote sensing images will be developed, potentially incorporating meteoro-

logical data (e. g. , temperature and precipitation) and topographic information to enrich the content of the descriptions.
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Language-guided “global pre-training - local fine-tuning” framework for domain adaptation learning
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This is an image of Wuhan in winter.

4 AN B8 AR AL & ) £ 2 This is an image of Wuhan in winter with farmland, water and artificial facili-
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AL R A AT 4 This is an image of Changsha in summer. Center: A large building complex

oA VR T T A 8 4 with green roofs. Upper left: A large building complex. Upper right: A large
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L el S 2 ARG 2 farmland field. Lower left: A large building under construction. Lower right:

A large body of water surrounded by farmland.
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excellent visual language assistant who is able to iden-

tify objects ( ‘“farmland’ , ‘forest’ , ‘water’ , ‘artifi-
cial facilities’ ) based on the content of an image with
the following requirements: (D You must list the top
three most dominant types of objects; 2 Your answer

can’t be ambiguous. 7

N Es E Ly —

You are an excellent visual language assistant who is able to describe
scenes and objects (‘farmland’, forest’, water’,“artificial facilities”) based
on the content of an image with the following requirements:(DAt the
{pos} of this image,describe the scene starting with:“{pos} of image:”;
(2Your description can’t be ambiguous;3)Do not repeat the answer to
your description; @Y our answer can’t bemore than 20 words.

- | SEREISOARA:

This is an image of Changsha in

(RN R R

summer. Center: A large building
complex with green roofs. Upper

{pos}= Center of image: A large building comnplex with green roofs.

upper left of image: A large building complex.

upper right of imnage: A large farmnland field

lower left of image: A large buildingunder construction.

low er right of image: A large body of water surounded by farmland.

[‘center’,
‘upper left’, “upp er right’,
‘lower left’,‘lower right’]

left: A large buildig complex.
Upper right: A large farmland field.
Lower left: A large building under
construction. Lower right: A large
body of water surrounded by
farmland.

(a) SRR ISR A ik

[ﬂﬁlﬁ IHJ*TL/\] Wuhan 01ty

DRI A R

(i) FE BRI winter 5

{ LLaVA B TR 4Bt |

answer to your description;@ Your answer can’t bemore than 20 words.

You are an excellent visual language assistant who is able to identify objects(‘farmland’, forest’,  water’,
“artificial facilities’) based on the content of an image with the followm;, requirements: OYou need to list
the top three most dominant types of objects;2 Your description can’t be ambiguous;(3)Donot repeat the

!

SERER SOAAA
This is an image of Wuhan in
witer with farmland, water

and artificial facilities.

(b) IBBSHGB AR AN,
2 RGBS SUAR N I 19 A2 1 11

Fig. 2 Examples of generating long and short text descriptions for remote sensing images

((a) long text description generation for remote sensing images; (b) short text description generation for remote sensing images )

1.3 BEXRSISHERREFIZ

ARAE AR AL 55 19 25 53¢, 42 R 8 R )11 2 SR g ]
AR Z 73 o 0530 305 A U A 1) 0] X1 2k
8 — B RE B AR RS Lo T a0, 5 A )1 SUAE B,
P T A0 AR SCAS 22 ] P9 B ) 4 0 357 AN [ i S
15 BB SR SCAS Z ] Y R RS, AT 27~ R AR AR

5 SO FHETE SE B GO IR FF R FR o SR SRS
RALE A A AU E R (R ey ) 7 P sk
(IVFFAE X 55 2o e H R A AR 1 2 SOAR 2404 5 PRI Gk
il 2Z [6) (8 G HK , T BE FELAG IR 15 SCAR 2 [E) 36 57 56 &
AEESE . PRI R 22 A 5 XTI ol P A 2 B
B AR SO (Yang 55,2022) o 2) A= U Uk 1 —
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i S 5 DA ] 45 o e 40 00 A= D s P14
ot , i = ] PR b aE FH AP SE RS IR . 3 OSOA
AR 25 PF 5 5, 35 DI 50 BT G B A 121 45 15 5C
A Z A RIE UE B Rl 2 & A F5 LT
F B BRSO I, R REAT B TR R 40 A
B BRAF , DI AR RS R SCA A A8 AR S TE ) P 5

THFAE
1301 3 SOR G| S 2 R i X Zx

4 JRy B R H) ) 2 Bl 2 2 T S (7 R L 3
Y5 ) Y BEAS L K2 3 e B 1 ) AL I E SR AR X
FIHIX b2 2 P30 IE R AR X 22 [R] 4 B 5 () B 4 e
TUREAKT 2Z 18] () B B, DT 27 ) RIS I — i P e
fE o FETE T ORGS0 2 R A ) 51 X i 2o
A H S F) G B2 39 7 30T DC FE A PR RN SCAR , e
ANVE T ) MG AN SCAS | DT S5 B MG R A 5 SOA
fEZ B A0 55, L CLIP,

2 78 1B BSAR FEAR a0 S G L ) SCAR AR ¢
FH f 2R UG S A\ UL i 2 45 B 1) RS RAE L f,
TN SUARH A Ged SCAR G tB 2545 B 0 SCARFRHE . £ 5
i BN R 2 i A UG — SRR . ZE Tl 2k
iR, CLIP 38 52 — A S5 40 5 4% 55 1AL InfoNCE
H b pR %, B H

1<
i=1

A 50 1T 7 d KA PR AGURE AR R LE 1 SCAS i il
ZTE] B AHARLEE , 55 2 35T 3 /s i KA SCA R AR HLIE
PEARAE Z TR A AR ARLEE , - AR A4 i, V3R
RN, 2 Je— Al I B R
1.3.2 55 3OR S| 1 2 R A i 25
DT SORS 5 0 RIS A i 2k . 18
A A B S (TR PRIERS P 25 ) ) HEAS SEAR
Je BEALIE Al — 78 7 PR B, AR Tt 5 ok 26 38 e Bl
X A ISR AR AR, AT 27 ] S Fh A8 PR IE s
TEVE & SOR S| F 1 EHRHE RS AR i ) hrp, SOA
2t T WA SR 50 41 ) i A 10 T30 5 28 e 0 3 1) i 0y
B, N7 ] S5 SOR Z A1 L F o BEIT

(Wang %5, 2022b) J& B ¥R Ad FH AL 3E Transformer 2844
VE T 2% A S AL PRI AR, HC i S R R
H— R IVEEL AL AR IE (visual tokens ) , S8 J5 B AL
TR — P03 PRI B, 3 5 P 5 o 40 2 Ofe T ek
R EUR B AL e AR I

25 F — D PAE Transformer VF N RZ it # , 45
JE 1B TS AGREAS o0 S XTI I SCAR I ¢, (LA
() SCAF IR A A9 W 2. 2) o MR FEA AT LA D)
SN AR H () I LR B8 U 53 1 4
%&’l%ﬁ%?ﬁwﬂN/l\mﬁﬁiﬂ{hi}i]o TSR BEA L ik
K i 40% B9 P (R OB, RS A B R R
M e {1, N} B I 0 T R R AR & =
{x‘i’:i ¢ M}[N:] U {elMl:i € M}il, Hrre, e R F R
— AN ] B A RAE T2 i i 1 R A ke
W J5 K5 %™ 5 AR5 Transformer , FLTRI 25 H F5 BREC
AT LASE SR e R A 26 7 HE A0 PR A5 i T E 4 AL S s
iCh FIURAERR , B

max Z"E‘W{zlogp(hixﬂl)j' (4)

75 58 — DTN ZRAY SCAR i BE e B A SCAR
Gt A A5 B SCARHE , Bl i SCA AR 5 #E 05 [R5 0
EIGRRE 4T Df 4 — A2 AE R Transformer Y%A , I
I 25 b R ERORT LUSE SCOR e R A 265 7 FERS 1415
— SCAS X I T TE A AL 8 AR I R, B UR AR R, B
L]

max zE‘,,{zlogp(h,-‘(x",cT))} (5)

2)1E T RS F Y M A B . B
2 AR TR 2 CRRTRR 3 BT 250 1) S A SEVAR
SER 1~ D 1 07 A1 SRAE P B LA 340 U 2 Mok
2 ) UG BRI A . R S OB Y HL
oM A TN i, SORRABE Ry 54 AT
5T I UG P Y e R SRR Ik AR AR R
fi B A R RS S SOAR Z B 3 L6 2R, AT A=
AT 25 78 SCARHE A AR DS E 1 R R 1E o Stable Diffu-
sion & — A LAY AP HOBR A A — A2
AR GRS — AR 5 %% f1— > U-Net
(IR €0 T [ SRy i 1 25 I 0 285 1) 2645 T
VL i R S s

95 T8 3B AR RS 0 G L 1 SCARH AR ¢



$30% /E 98 /2025 £9 A

M, W&, HEE, TP, R
PUE S A5 RYE B E G B i = 908 B & M 1E X 57 &

AT LU 2 B 2% & 75 2 g B9 T AL 1 o, = e(x), 1
Ao 8 A i i) 33K 8 R L e AN N R T AR R — A
LR REE RS f vy, oo, 00 FUEN

q(vl|v,_l)=N(v,;\/?ﬁlvl_l,ﬂ,l) (6)
Ao, BUE T ERT IS WS IR 7= 1 O 25 . Y3l
i B TR 0 Y S RS AR 8 KA IS A, v 0 3T (L T
N(O, 1) Mo, H4E v, G ERT LIRIR N

q(v,|vo)=N(v,;ﬁvo,(l —a,)]) (7)

e =T -8 BFZ, 0= Jan+

J1 = a, e, e FoaRmER MRS . IIZRET, F50R 4%
€9(v, 1, ) LA TE] 25 ¢ Y MRS P78t o, FISCAR A 3
(0 2 B R AEAE SR A, O LSl P 5 22 40 2 F00
BRE S e, BAR Ny
‘Csimvle = Etvs(x)xr.,e~s\°(0‘1)|:"éﬂ(vt’ t, CT) € ”j (8)
1.4 BEXARSISHEFBEER
42 Ry BB RN E Ao SCAS i AR Y 7 522 2] 1 J%
AR RAE S SO Th i E B CHR . 7E)R)
PR R R v, ) S B0 A B s 45 R S
AT RS Bl SRy AL B PR S 4 SRR R v B 2 B
SRR . 7 L 2/h T BRI T IR
PSRRI T o AR SO T SO AR a1
RAVE T MRS B F LLaVA ARYEH2 /R 46 4 A sh 2k
B Hh A K SR S A FE BT UER,
B2 0] BEAFTE ™ HINAE IR, I T A N TG
MAIE, MHZ T AR B SOAR e A A R 152 A AR
RER AL RGBS P . Oy AR R fE AN
T AR, AR SCHE 4 SRy R AL i A% 8 & 1
7 2 N A A 20 E K SO 78 Ja A Y
A A5 2 AT B E TR AN T A e SCAR i R . 7
A VR R T S ORGSR e R — R 8 A

BE L EE ORGSR 2R —R A
B¢ ) i

D)5 SOARG ]  22 R AR T 25

A ZISEHEE D, 2 /EIM,,, LLaVA
By F

AR M,

(D LLaVA B FARSE 1. 2795 J5 54 D AE R
KA L ¢,

(2)XF e AT N T AG A 124 1FE B A ™ E A
FE IR AR

(3)for m<—1 to N, do

(4) W D, ey AT RAE

(5) MRPEXCDFEH M,

(6)end for

2) T8 F SCRG R Jy AR AL A

A HAr R DF JR iR M, LLaVA
¥

it R,

(D LLaVA By FARYE 1. 2715 05 D A
JESCARAIA e,

(2)for m«—1to N/ do

(3) M D7, el Pl AR A

(4) X2 HEH M,

(5)end for

2 LWHERSHHN

2.1 KEWEE
2.1.1 Euse

AR EFEARME 3 PR . 2 2 5 s 4
WeAE IR 51 22 X A P 2= RGB 12 I8 1%
MM KV 2500 R B EERTA
W, AL EE 79 648 MF R SR 512 x 51248 R B Thw
AR, R IGS2 B BRIk A & 43 %5 (Gaofen-2)
A P2 AR (B 0.8 m) MZ LG4
(433K 3.2 m) e d @l A F T SRABE A 2 5 75 21 1 £
P, b PR SRS R 3 B R 2 me

H Ar 38 80 B 0 45 TR B 4 (B2 ) (K VD4
P (2 Z) Al DUEOE 4 (3R 28 ) 3 -3l i 5
£ Hoh IR BAE R 1 5361F 512 X 5122 &R
S RGB 3 RS2 AR, K UD B A4 7 768 i A4 R
SRR, DU B 5 352 IR AR RS i 52
1 HFREEIE SRR T 4 Fh i 28 552590 . HF b |
MR AR T . 3R IR H AR e 4 125
o3 AT W 4 i, T LA S [R1 Gk i 200 o A R
—E 8 Ho TR B AR R U B A i 2
SATARRL, DR SRR A B E 2R

AR5 FH I 25 22 Y5 S R0 4 I 25 4 Jey iR AR
G )m)  IFBEE T 341 4 Jm— a3l 5 Aif 2 40
B8 N L EESS 43 R A R — Jes GRITED |
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S h D)
(a) PN IR 4
K3 HdnEREA R B

Fig.3 Dataset samples

(b) BRI R

((a) multi-source dataset; (b) target dataset)

20.0%1 = i = K = R

40.0% -
30.0% A
20.0% A
10.0% -
0.0%- .-.l
L PR PSS AT Hg

B4 FAREER S A

Fig. 4 Category distribution of the target dataset

= R (K 2R R (D0 . B
Hh SR AR R GBI MR 1 I AR IS 4 P BE AL A
WAL SO REAS B TSR HEAT M I 25, R 2 4243 1
FI AR 4R A PR AR 34

*2 BiREBEERHE
Table 2 Description of the target dataset

SETUT T SR e
MEHIESE  GaoFen2 B 2 1536
KBS GaoFen2 HFE 2 768
RIEHEE  GaoFen-2 FHZ: 2 5352

2.1.2 SERAATS

e 3 R 0 4 R BE AT 25506 T , K SCAR
G5 TV 7 SO | R R (R 2 AT 32
SR S5 HOBE . 35 3 RN 25 6w 5 B A X L
BUIZE S0 B 2R OB 2« 1) % He T 250

¥ K Fl ResNet-50 (He %5, 2016) 11 0 1% 4 i 25
CLIP (Radford 45 , 2021) 1 2 SCA 4t 2 , Herp o3¢
A5G| F 52558 H CMID (contrastive mask image distil-
lation ) (Muhtar 5% , 2023 ) 7 1 , A SCA 5 | 5L 55 H
denseCLIP(Rao 45 ,2022) HEAE , iZHEHLIE SCA G 2
A SR SCASR A [ 4 55 R Gt e 7 A R P
BEXF H A ST AT XS, IR AR e BRI R R —SOA
Xf 5% DB E #E AT 1 o3 5 2) $E 65 B0 25 07 125 4 ]
BEIT3 (Wang %5, 2022b) {24 backbone , 1255 4 3 12
Z B3 Transformer )22 55 BLSCAR—SE QR &, Horb ¢
A At AME R EIMNE token ST A BIHLGE token J751
LRI X token J¥ 91 HEA T BEHLIERS , JT Il A0 52
568 token P81, 5o B SR AL POE JE AN ERAEJZ 4
LR S0 3k B Rl T RO AR e 46 by B 28 1 03
N2 3) Y B 25 J5 154 stable diffusion-1. 5
(Rombach 55, 2022) 444 iZ 00 e 26 A i AT 20 5
ASCAKHIE , M A S 2 L, 1k S AFAE R SC
AFFIEAHEAE ], SRV SOARE BB A Bl 2 i
i rh RS 5 ) RRARAE AR S 36 i A AL Y e Je
— 2K 300 R A X SCAr RN, 2 ) %
Fe— A FoRAE)Z LIRS J5UR 73 PR30 R

VU Ere U W S NG R | 8
S5 0 BRI, 75 S 96 45 R vh i i SRS | SR il
S Ut B P e IR ) SCAR 2R A, 4 e SCAR " Fin i
18 52 36 TR O GRAS T SO 51 5, R SOAR " BRig 1Y
SR R IR PR SCAR G 5, SO AR i 5
B BN A R SCAR G | 5o AR SR A B el oy
B, eSO G | S S A I SCAR G | 5 A7 SR T |
TSI G — R SCA AT

JIF A RS ik B v DAl 2 B SRR 24
A5 B 1R T 48 A O 15 I SCHE A R TG, A 1
K ¥ FEFL £ 1 5K NVIDIA GeForce RTX A6000 f 3
BAL LS T . EREEEG T, il FH A I L (intersec-
tion over union, loU) Al &4~ 28 Ji| i) T 0 A% 2, O
i1 F 1 F1 432 %0 (mean F1 score, mF1)  Kappa &
B MR INALAE I HE (frequency weighted intersection
over union, FWIoU) Fl SR R R (overall accuracy,
OA) ZEFEBR XIS RY (1) B ARV E BEHEA T 2575 VT A
2.2 ZFEEREGERTTEEENIRER

A/NAITERT R 2 A AR A R
K 3FORRI IR g EiE T 34 R— R
5 ) 22 5T 3 I S0 ) S 6 R B TE AT 4 H HOAE
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FHR SR,

FE3E 3 7R 1 42 Jai— Ja i IR ) 2 k52
L AT U BT BRI B

D) WEEAKIPAN FE bR ok B A SCAS 51 3 19 5 ekt
o TESCAR G| T 10 7 1R A8 3 FPAS [ (1) 24 2 SR s 135 3¢
B T AR T, DL OA SR, 7R X L HI 2k
Ty, ff I SCAS 51 R 5 R BN 61. 5% #E T+ =
71. 8% s FERERS TIN5 Ty i v A I SCAR 5 | 5 J A
T2, 0% $ETF 2 72. 9% s FEY BRI 55 v, 48
AT 5K E M 78, 4% - FF % 80. 6%, HiAh 34~
HeARFE FR AT LIS B A R A B4 X R B 7 S

Liglp S

ATl 15 I 2 R S AR T i % R B T AR AR
Mo MO FEXT BN T7 v, 5 8 SCR 5| 5 A1
Lo, R SCAR T 5 S LU TIN5 05 125 7 BT AR A A
EARRIAERE T . WA UL, BT L T Y
BRRYIGEAE SRR T 0 — A ATBERY A
JER IR BAR AL W BT B H [ I e
SEAPVRFAE RS FF AR P2 B X e 2045 5 R RIE 2
] A4 OCHK o A HE 715 S TR B B SCAS |, 70 [
IR G i R SO S | R R 20 B R S
SCAR Z AR 55 50 2 B T AR 5 2 PR
FKFE ML T ISR G| FI70E A OR35S/ 77 1
TEREAA Lol 1 BRI 26

2) NI FE bRk A SO 5 2 1 B
RS I F 5 TR SR T 25 20 B R B M RE R T,

®3 2R -REMRE)NEEXRER

Table 3 Quantitative experimental results for global—local (Xiangtan,XT)

/%

IoU
T 2RI ARG mk1 Kappa FWloU OA
MR AR ANTHE
Jo 17.3 59.4 25.7 27.3 47.0 27.4 40.6 61.5
Xt I 2R S SOAS 57.1 67.1 23.4 27.6 58.5 54.6 58.3 71.8
KAk 56.2 64.7 21.3 27.7 57.2 52.9 56.6 70.6
‘ 54.5 70.0 18.6 26.2 56.4 53.9 58.6 72.0
RS T 25
KAk 56.9 70.0 19.9 26.7 575 55.4 59.5 72.9
i o 68.9 74.9 39.6 30.9 67.8 65.5 67.6 78.4
Pl
KA 70.0 77.4 42.5 33.2 69.8 68.3 69.6 80.6

TE < IVHL PR3 7R 25 TR B B A I R e i e pU 45 R

WA AR W ks WO\ THE

O)FRZ () MELTINZR (&) WHLBNZ () XL (0 FRAFRINZ: (o) IEIETNIZ () 7 BIBNZ () 3 Bk
(JE3LA) (RISCAR) &) (JE3A) (K304 (JE3LA) (&)

F5  2Jai—Jml GHITE) B P S g 45 R K

Fig. 5 Qualitative experimental results for global—local (XT) ((a) images; (b) labels; (c) contrastive pre-training (no text) ;

(a) 18

(d) contrastive pre-training (short text) ; (e) contrastive pretraining (long text) ; (f) masked pre-training (no text) ;

(g) masked pre-training (long text) ; (h) diffusion pre-training (no text) ; (i) diffusion pre-training (long text) )
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A ARG T AN 2T B ) SR A AR 43 20
TR T A S R MIE SR P E S
e FIARE O T R AR A & FE AR 2
HHELFTCSCAR S | S0 %6 H I 25 3, A SCAR B
SIRTEREAR bR RE SR T BRI T 3 A 1A
JESRTE N T b3 B RBUAGIT , (H AR A A
R FE. —A AT BE Y SR R H 5 20 L2 ) AT
SEAFI RO R AE X 5%, ALk i AR T et ) T2 2
B 5 3 2B 0 R X 5, 25 5 2R 28001
(R HE X 5

4 Jai— iR (R 70 ) A4 Jay— Jaridls (k) i 52 56
LWL LR 4 FNER S, T LA B 3 RO A (1 42 )R

RSN I S NI S NEE STy e b 798
RE|FMEER ., DJR— R (K D) SLghgs R,
OA 5 A ], 76X FEFIN S5 05 ko, il I SCAR 5] &
JE RS HE N 62. 7% 3R TF 2 71 4% ; 7EHE 65 W 4505 1
I SCAR S | S5 R M 62. 2% $E T 66. 6% ; 7
PRI B SRS AR BE M 71, 9%
I 2 74. 8%, 2 Jaih (RD0) SLg s R, L
OA T8 A ], 26X FE TN k05 ko, il I SCAR 51 &
JE RS E N 64. 3% $-TFZE 67. 5% ; FEMERS TIN5 7k
(i SCAR 51 55 R E L 68. 1% $2TH 2 69. 6% ; 7%
PRIy el SO G55 RS BE M 69. 0%
PTFE 70 1%, N6 MR T ETES RKE A

*4 2F-BM(KP)HEEXRER
Table 4 Quantitative experimental results for global—local (Changsha,CS)

/%

loU

i E AT & mF1 Kappa FWIoU 0A
Hhith R Kk AT
Jc 36.9 54.6 23.9 43.6 55.9 44.8 443 62.7
Xt I 25 5 SR 55.6 62.6 39.4 50.6 68.0 59.1 55.7 71.4
KA 54.4 62.7 33.3 472 65.4 57.0 54.0 70.4
. 36.0 54.5 18.2 47.4 54.7 45.4 443 62.2
RS Tl 25 i
KAk 44.5 58.9 36.2 47.0 63.2 51.9 49.8 66.6
i Jc 56.7 65.4 29.5 50.0 65.9 59.5 56.1 71.9
E Gl E2
D' &N 61.7 67.5 46.0 50.9 71.8 63.9 60.0 74.8
T UKL AR 7R 45 T bR AE B R T 251 s 1 1 e R4 o
xRS ER-BH (N MWEEXLWER
Table 5 Quantitative experimental results for global—local (Wuhan, WH)
1%
ToU
T R ng AT & — mF1 Kappa FWIoU 0A
MEE KR AT
T 51.4 33.3 39.3 49.7 60.2 47.0 46.9 64.3
pOREiMIIE TR 53.9 30.0 51.3 524 63.2 52.6 50.7 67.5
KAk 50.9 23.9 48.9 51.8 60.0 49.5 484 65.6
i Jo 54.1 34.0 474 54.9 64.1 53.0 51.4 68.1
HE 1 2%
K3eA 55.0 41.0 50.4 56.0 67.0 55.4 53.3 69.6
i I 55.5 30.9 51.0 55.1 64.3 54.4 52.3 69.0
A 25 :
' 553 42.2 51.7 56.3 67.7 56.1 53.8 70.1

T L7 MRS 7R 25 TR bR 7 B S R 3w b oy e 2 2R
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Fig. 6 Qualitative experimental results for global—local (CS) ((a) images; (b) labels; (c) contrastive pre-training (no text) ;

(d) contrastive pre-training (short text) ; (e) contrastive pretraining (long text) ; (f) masked pre-training (no text) ;

(g) masked pre-training (long text) ; (h) diffusion pre-training (no text); (i) diffusion pre-training (long text) )

CESiIN vl PiiN PNawilEs

(a) %18 (b) br&E

(E&N) (ESCAR)

(¢) LTINS (d) RTEETRIIZ (e) ngﬁwl 2 (0 FERS TS (o) FERTNZ: (h) TN () I BN
(KA

(En&N) (R3CA) (L) (K3XA)

7 afm— il (00 B E PE SR A R A

Fig. 7  Qualitative experimental results for global—local (WH) ((a) images; (b) labels; (c) contrastive pre-training (no text) ;

(d) contrastive pre-training (short text) ; (e) contrastive pretraining (long text) ; (f) masked pre-training (no text) ;

(g) masked pre-training (long text) ; (h) diffusion pre-training (no text); (i) diffusion pre-training (long text) )
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K o BB G SEE L VD o TR EE 5
X He 74045 Sre(local)-FT . CBST(class-balanced
self-training) (Zou % ,2018) ,UDA-NAS (unsupervised
domain adaptation neural architecture search) J7 7%
(Broni-Bediako, 2024) FIZA STy i 4 Fft, Herfr i 3 b
J5 ik 2 R — R % . Sre(local )-FT /8 75 5L
V5 I bR KA 4 B R i AR B TE 50 B ARPR I
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Table 6 Quantitative experimental results for CS<>WH

/%

TR I Jrik b mF1 Kappa FWIoU 0A

B AR KK AR
Sre(local)-FT 51.2 28.9 35.9 45.0 56.9 43.6 44.2 62.4
Kb—: i CBST 36.5 2.0 41.9 46.4 45.0 37.3 37.9 56.2
UDA-NAS 41.0 3.6 0.6 20.8 25.2 9.0 23.0 35.5
2 Ry — R () AL 55.3 42.2 51.7 56.3 67.7 56.1 53.8 70.1
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22— R () AL 61.7 67.5 46.0 50.9 71.8 63.9 60.0 74.8
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Table 7 Quantitative experimental results for CS<XT
1%
ToU

i Y| WIRZS mF1 Kappa FWIoU 0A

PR Ak KIER AR
Sre(local)-FT 62.8 69.6 32.4 323 64.2 60.3 62.4 75.3
Kb CBST 62.1 74.8 33.1 22.6 62.2 61.2 64.2 77.7
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Fig. 8 Quantitative results of diffusion pre-training with varying fine-tuning sample sizes
2.3.3 BOHNHE R SCA K 0 BB BRI S50 A ST HN R 3 0K

AS/NAS Gy B T R PR B AR P el R SCA
] B SCAS DA KA il T SCAR B Rl s i . e, R
AR R A P S ()RR T I ) ] S AR R R 4 28 531)
PRI SCAR |, Tl B SCAR S R A 455 P2 [ B PR
I 1] JE AR IR A S SCAS o fE 2 R — Rl (i) 1
(52 g6 25 2 (L3 8) W, SO IR AT SCAS 51 3 (1 45
RYJUETICSCA G| FRYSER, Horp il RSO A7

R8 MANXALEHESIWER
Table 8 Ablation experimental results of
fine-tuning on text types
1%

?ﬁ?iig mF1 Kappa FWIoU 0A
To3eA 65.9 59.5 56.1 71.9
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