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ERBRESEXRE: XERASHkK

EREL FRL, B HmE!

LR K2 N LR AESBE ri%c 710126

7 ERREEESESORRENER ARES SBERB BRI, B 7508 m R0 0 1 SOREE, 28 R
BEAL AT R BOR o A SC A A 1 R RIS LS B SO R USRI AR ST RO . %, BT 7 R
SEMERCE SR AR UL, 3 5 0 KOSCAKR L R 7 T R L, RSl TE PR SRR R, )R ST AT UL E
Sbhtio K, BB T SCASRFE R R MAR GEGE T BIR L2 o, LB I AR A 2R 78 T ARG AE B3R 32 A 22 X 2% 1)
BRRE . T, DD R MBS GBS T 2 T A B B T 2R A0 2 T B8 B T 2507
DRI AR AR A, IR A = A R BE R LA SEIe R b, R T SRS O ZR 07 0 Bk RR A B R RS R
VSIS P B E B . ), AN SCEES T AR T I I 0 AR B SO 5 B IREUR R A Sz A DA
Fr el A5 UC R AL B R SE A% Pk, R R B 1 AR SRAE AL B R AR MG 98 L 22 U 3 40 00008 W ) A T I 3 SR R 55 L 1)
AUTT A S5 77 TR 077 1), LAY $4 2l o8 S 0 28 1 ST e R B3R A S B 2 FH VP ERHR AN RS

R EREE BRSRER, BOSCRRER, R TUIGRAL 15 055 RHERZR: BRSO
el

FE 4SS TP701

SIRAMER: E8E, B, S, MRE. BESEXEER: XBRARSHTE ERFR.

W#s H#A: 2025-10-15;

EeWB: X ARRFESTH (I -TH, % %5:62571387)

F—1EEE: TEkIE, 1998 44, &, WA, BT AR S B SO R W ES AR . E-mail: yijingwang@stu xidian.edu.cn
WBIEEHEN: FIE, 1985 F4, B, #d%, W5 MR EBGGMMEIEIS AN . E-mail: tangxul28@gmail.com
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NEN
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N
=
%

Ab A o BRI E K E (Remote Sensing Cross-modal Image-text Retrieval, RS-CMITR)

VRN B IR0 518 5 BAR (0 B BOR , HAT 5508 SO 3] BRI & I8 5 3 G AR P 2 18] X998 SCR K

E

T21)

i B T AL S P S A A IR 28 ) g PR SR R B AR 2, SEE AR R R (Text to Image Retrieval,

5B R XA (Image to Text Retrieval, 12T) XA =m0 H.(Ma 5%, 2015; Xiao %5, 2023). Bk
1 FoR, T2 AR5 ER R GUKAE B ARE 5 12 i) ) K2R B8 VT RCIE ST RTS8, 12T A1 55 I 75 AR 48 45
W, ZEILESU)TAT MBS R A,

5E R ARG R M R IR SUA i SPGB R (K RS A 1 SOE AL

A AEAEF
‘gm A 3 Zﬁ‘é b's This is a large
L = ﬁj{gﬁﬁ ﬁ = X*ﬁﬁ * (Ill'p()l'f with some
. o This is a large airport with some B® planes.
planes. % SR
o There is a white square building on gé ARG o
: : g
one side of the road. 1%
e There are three blue houses on one
side of a baseball field. -2
e Several planes were parked near the 8
three terminals. K AL
e This is a big airport with several £ e B
X REEL A >
planes. i L/
& Y173

1 BREERSECRRREE
Fig. 1 Remote sensing cross-modal image-text retrieval pipeline

RS-CMITR SR MW7 5 2¢n B EE N ISME SIS & L (Wang 25, 2024; Tang %5, 2023). £

WIRM, HOE g s 1218 SO 773X — 22 gL xE ARSI 1 38 U IR s A B3 T IH SN 5 AR

B AL A RS IR EE K (Tang 55, 2024); fERIZM, HRES W REES &8 LR R #H

SRTH TR R EE RGOk TR b R S D5 R 4 5 DX IS DR E A PR I R i A S R AR
ACRRE HEIB I . 3T R v ol DX 7 53 BB A0 R RE R0 S5 3 SR AR A T RO TR T R, RO R R SR

B4k 2 BT % 0 S 3 (Yuan, Zhan, and Xiong 2023; Yuan %%, 2021). MR K ENKZ% KA, RS-CMITR &5
T IS 7 BIR B 5 S IR TE O A . RS SO RRE LA, SCARRHIE R R 5 22 SR FH ] (R A
(Bag-of-Words, BoW) (Tsai 2012). #7EiE X/ #1 (Latent Semantic Analysis, LSA) (Sumbul %5, 2019)%%

Gt ik, ARRHENKE SIFT(Wu %%, 2013). HOG(Pang %, 2011)%F Li%it5 7, (HIXK7 L LL

ks B #A: 2025-10-15;

E&WH: BXEARFEETE (W EBH, %i'5:62571387)

F—1EEE: TEkIE, 1998 44, &, WA, BT AR S B SO R W ES AR . E-mail: yijingwang@stu xidian.edu.cn
BIEEHEN: FIE, 1985 F4, B, #d%, W5 MR EBGEMMEIEIS AN A . E-mail: tangxul28@gmail.com
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WK ZE R G SR TN XR, MEREZR. BEREY M (Woo %, 2018; He %, 2016),
BT WA MBI E RSN TR A M Word2Vec 25 # 25 il ik A 5 3 2 BERT(Koroteev 2021) 2575l
ZRiE A, S TR SUE B R EEIZ IR A5 o U E i 5 AR 22 I 2% (Convolution Neural Network, CNND
(Li %%, 2021) 32 B = B 4F4E , F 2405 Transformer(Vision Transformer, ViT)(Vaswani %5, 2017). Mamba(Liu,
Tian, %, 2024)% 50 SRR ER I IR, 56 A RS SCE . AR, FoIie it — B, BT BT
B A TUIGRAY (Wang 55, 2024) (Umfdas. & Mmigae2er) 5T ERETIGBE (2252,
PR, ERCAE S SIMOM) (Yuan, Zhan, and Xiong 2023; Sun 2%, 2025) KE AR RZ, J5 & ARG M
B AR A R A, R AR R R e

NARGHE RS-CMITR S T FLdEfE, A SOK Btz O BOR 5 R R P RIT itk . Bk, Wik
LA F i 7 08 S A A B SR R B 4 RSICD(Lu %%, 2017). RSITMD(Yuan, Zhang, Fu, %%, 2022).
UCM-Captions(Qu %%, 2016) 51 M #Ebr: PRk, MEEAREFR RS SINT, 43 5l i ik B8 SR 545 1 O B 4
B 75, XF AL G 05 i SR BE 2 21O E R R R 95 Heik, LA TR 6 T B S B 45 0 43 5 b viE
RSB R 2 SIVE B R SR B, 255 AR S ) R P A 15100k, JF T = R A B AR 1 s e 4 R
B AR B RIERE, WaRRR B, &5, S8 SATH AT IR 0P, AR KRBT

EE I

2 B H E U R E S I TR b

RS-CMITR fE B K 5 HAME 5 B IR, BE W IREMBIE RAE B 5 AR s L)
S VA o e R I PR SO AR R HE B I R R IR L, HOBUBE L 355 2 R I S SO (0 0 4 38 L
A B AR 6 R SOB F S A 40 RS-CMITR 4513 11 = A BLRE i s #9542 : UCM-Captions. RSICD 1 RSITMD.
UCM-Captions Jy IR R &k 17 & RSICD LLHMBIR S, HEZh 7Bk SRR KR, ([HHEEE T3
AL FEVEA IR : T RSITMD WIE Gk i A0RLRE . 22 B 1 SCAS IR AL SRR, Bl o e G 3 PR S DL i B
(8 G hrifE. BLAh, ASCEH R RS-CMITR AE55 i F AN R A5, G4 A B AP A E 5, DA

i B R AR R R R

2.1 HABHRENE

RS-CMITR SZIERIHENALIE 5 A RIE FLHEK SR ER, RO MSE TR e EBNRERGR

2



67

68

69

70

71

72

73
74
75

76

77

78

79

80

81

82

83

84

85

86

87

88

3

15 25 N T8 SCHRR 2 T8 B i SIS~ O 1 RSl — U A e, A v Y B SR SR R
B A AR Hode B AN DR B R O 1 B R i N 2 AR 3 R R0, B OGBSO BRI I
— R TRE . AR TEE. AERTZH. XS I FOMIUE R L SR p B, L5
BEERE 7T GE S AR B AR R UL AC R B SO N G &R . fEARZ HdE S+, UCM-Captions. RSICD Al

RSITMD & =/ B RS, Hd RSICD fl RSITMD 43 HI4C 3 T 38 K & SCE R 7R« B FI VR BE

ANYEREIRZR SR 1 AZ AU Y A T [ R 4 A ks 2R R RE 0 S HHE B Sl B 2 P

EEER X

\a large number of trees are planted around the
%Imusec.
d  these rows of houses are distributed on both sides
\of the road .
\these rows of houses are distributed on both sides
\of the road .
\a large number of trees are planted around the
;II ouses .
\a large number of trees are planted around the
| houses .

. There is an airplane on the runway .
' An airplane is taxiing on the runway .
It is an airplane taxiing on the runway .

There is an airplane taxiing on the runway .

An airplane is taxiing on the runway .

It is a medium residential area with houses|
surrounded by lawn and plants .

| .
\a large number of car grind marks are on the

\bareland .

P

o *|alot of broken stone and waste are in the
\ & 7 - |

| i} \bareland .

Eil is a piece of irregular khaki bareland .

0 and lawn .

. through this area .
. \itis a piece of irregular khaki bareland . ; R
) P f irreg medium residential area . !
This is a medium residential area with plants|
\bareland . Surish . |

I 5
\a large number of car grind marks are on the

i
200 A medium residential area with houses and trees| N EENEREE

i % AR S B
A medium residential area with a road goes, [
| N

i
Many houses with plants surrounded in thei ‘.
| o

i
| The car stopped on one side of the bridge across|
i

\the dark green river.

The car stopped by the dark green river bridge.

| There is an island in the middle of the river under|

e
@ the bridge.

In the middle of the river, there is an island under
|the bridge.

i There is a bare field on one side of the bridge .

\There is a huge industrial zone on both sides of |
i

i
ithe road.
|

y
& The road is flanked by vast industrial areas.

A on both sides of the road is a huge industrial area.

\On both sides of the road is a huge industrial|
area.

| ]
\There is a huge industrial zone on both sides of|
i

itheroady cosrsimese s s i

P 2 3 i A 245 1] S R it 4 S
Fig. 2 Remote Sensing Cross-modal Image-Text Retrieval dataset examples

UCM-Captions #EE . Z A4 4£V5 H Qu 55 A4 H 1) UC Merced Land Use dataset, & —/>% i &5
G R MBS RAT S i 4, 380 2,100 SRR, BT 20 DA, % 1
. Bk EMGHRACA 5 &R 07, Sl 10500 MR SCA . BRI 5 HEa Ny 25656 (2 %K, ZSIE)4)
PEZ R 1 HER, XY RS-CMITR 88 2 =] G 15 S 2 ] R 00K P2 b 82 9k R AL 17 48— BT AL 315 8 .

RSICD $#E 4 : 1% 4045 4 2 i i UG AR IEAT &5 BT T G KSR 4 . & 7 10,921 5K 1R,
B 7 TIX. E. EBXAE 30 MELmFERM, WK 2 Pros. ZEHEHEAE S BN O M F 5 T TR
R FIR B BRI, S H AR R YIS A R G A s i A B BARE S iR . ik, BREN
FEikERAE T 1 3 5 AfiA, JEd EHE T R AREL 5.4 ). AR, RSICD X — & ik darsk 7 H
O R SCARMRMFE ™ E, ZHEARE CURZHFMSHEAN 1.67) (Yuan, Zhang, Fu, %,
2022). XFWRAE KENEMCAEE, JCHZR -0 FREGR, AT 1 78 20 R Bm B AR
TR TXF— 0 2 PRSI R G AR, R RO AR B P IR S A AN K, BN T RS A (X 4 A AL S S

BRAES S, W — A Ear sk, 5 EOAXE DL S SR 2 5+ .



89

90

91

92

93

94

95

96

97

98

99

100

101

102

103

104

4

# 1 UCM-Captions I E LA R G HE

Table 1 UCM-Captions Dataset Categories and Counts

251 HE 5 HE 25 HE

4% H 100 AR 100 SEACHE 100
KL 100 TR B 100 1= 100
HeBkig 100 R KR 100 b 100
biad 100 pean| 100 iR 100
itk 100 TN 100 B EX 100
HEAR 100 hEEAEX 100 it X 100
FEHEMAEEKX 100 B A K pE A 100 EEEe7 100

it 2,100

*® 2RSICD #EEXFIRFGEHE

Table 2 RSICD Dataset Categories and Counts

Bl i 5 o Bl R
Wiz 420 A% H 370 % 3% 1031
Z3i 310 AR 250 b 3 420
Bk 276 Tk 390 B 420
pE 400 i 280 piu| 389
M 459 hEEEEX 290 KA 260
ot X 260 1 fik 340 JEABRAY 290
A 240 Al 350 SR/ 410
[ERIAES 350 (e 390 Figi T X 300
HEMAEBX 410 FR 300 X 396
Wik 300 I 330 E W 290
Mt 10, 921

RSITMD #E£E: Ak LR G, RSITMD Mg, B&— ML NEKE RS-CMITR {145 & 547
I ) AR AR . R MG (4,743 Gk, 32 2%, Wik 3 Fion) /T RSICD, {HIEAZ O ALET
THW R SCAR & . 5 RSICD JE LI X, RSITMD (30 A £ FE 1 4> $ 1% 4.60(Yuan, Zhang, Fu, %%,
2022). X AL T H R AR IR AR . PR iR B EOR VRGN RGA H AR BRI (it RSP HED)
FURE 2 T A8 26 &R, U8 A 22 FEK3A)7C (Yuan, Zhang, Fu, %, 2022). ¥ #E [, RSITMD 5| A
TRIFHIE R AR RIREBANEAE 5 AR e Rk A), @AM T 1 2 5 A& R o
B X — RS RSITMD B i [ I SCREHE T 5 2% 37 SRR 10 6] 7 GO 22 A0 28 T4 H R i SR G 2%
PR HAR T T A E A A A 3R AT 55 10 38 P A R il

MM 2, RSICD. RSITMD il UCM-Captions #t [F]#4 i 1 & B SCHF AR A E B 2, efiIRS T
ANE B AR, REL T s SR B S K . UCM-Captions {E N A4S & KR 5 SCAR AR S, X —8
M7 AR TP IR R B & RSICD AR H, O RS-CMITR SUS I A& e fili~F 1 iE B, BRI

RSB IR S AR E SRR T RSITMD WSRAE T BE MRS RE, WSROt s amhi B, 5 2 R SCA 1
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R 5 OCHEIA, RS AR R T A B AR AR A RAL 55 L AR, O T PRAS AN Sl R IR SO UL R AR A R

135 AR e
#F 3RSITMD HIBELA R GH =
Table 3 RSITMD Dataset Categories and Counts
25 i el i B i B b
Tk 207 pigm| 178 T 154 Vb 126
KES 201 A< M 177 ERIAES 148 R 116
it X 201 EZEER) 166 X 146 K 112
% 196 =293 165 153 143 Ly Jik 109
W 3 191 NT| 160 Wl 140 235377 105
bapi 188 HHEMAETX 157 o 136 T 67
B 188 Wik E X 157 LP%EE% 130 B 58
35 184 W 2 155 T 127 jiligat 55
Mt 4,743

2.2 FMRIEIRITER
£ RS-CMITR AL45 1, # FH T4 #6 b & 4 91 % (Recall, R @ k) FI-F- ¥ # [7] % (Mean Recall, mR ), X 4

FEbRE 5 FH 7 A 28 45 R v M DG T TE WG 28 B 1 LA LA S A DG I K HE /762 B . RS-CMITR il 6 K
MR 12T 1 T21.

R @ k R /R FERL R 45 R B K A 5 28 /D — AN ORI A i o A e KB AL 1.5, 10, IR @1,
R@5F R@10. XFF— N2rif), L5 H 7 Ay 1F i DT Fic T00 s 30076 A 22 45 SR il KA, D22 W0 DA 2
.

FERSZR 45 RAT K AR B SCUL A 0 A S
AR

R@K =

K t, RS-CMITR [ PF i br AL 45

B R@1. RE5MR@10 (12T): NG R SCARS, IEFSCAEBIERREE RE —. LML)
B R@1l. RO5MR@10 (T2): LA REGR, IE6MEGHIMAERRERT — TAHALH G

459 74 B 5 B 0 444

12T T21
R@1+R@5+R@10+R@1+R@5+R@10
6

mR

iB%, RS-CMITR &M< iEid, R@1, R@5, R@10 (12T), R@1, R@5, R@10 (T21)FI mR

KI5
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3 RHERR TR

RS-CMITR (%0 H AR B SL F AR 5 IR 5 38 ISR 2 18] FRORS HE R SOORBER,  SIEBIL = 3 1) et REORL T A6
o X — AARAIEEG ST 0 PR R MRS AE B A BRI R IS R0, O Ja SRS X 5 A AU
FETFSEBE AL . AT RGMEL RS-CMITR SUR AL LR BIAR: e RESCARRHIER IR TT ik, X AE
GG I iR GRS TR BOR B . N7 5 R R, 1R AT T iR A 2T 2538 5 AR i R
B s H RN B RFE R R A B0R, [B3E CNN £E =) 3fRF AR 32 B0 (4% O 15 5 50t 3, LK VT Mamba

S T SRR 4 SRV SR SR, [R]A HR I ONN+42 R B AL VR A B A A BRI 35 3883t 6 R B S 3R

7

FER AT ENT, R~ RS-CMITR M HFAETT AL 2“5 U 55 AR T 2 #4645 .
31 XABAEFRRGE

1 R I A 25 T SO R A 0 H b T 5 1 SOR RS B8 AR 5 SO R i i AL, T SRR AR R

A IR IR BEROR, ELERE 1 SOA T SURFAE A3 0B B2 A0 5 B A 0] 55 (RS P o 3B IR AT ST AR

N

il FOS I EE . YRMEER WAL, H5 0 P38 AR A7 75 2 2% 123 [0 A SRR,
R SCARRFAER R A I a7 B R o ARG T AN TR AR, X DL S SO A R 2 15 O R
SCORER: T2 TR B A S Byl i v Bl 2 2], RRME AN SCAF MRS RAMEZ REEUEL, B
FEIRTE T AR RN G AR ). JUIAE A 3R R U A K B A (i W 280D 2
T E IR, A R SCARFAE R AR Y BE A8l RN S (R R, RS SO S AR L R A P e . R,
SCARFAE 7R 5 7 I EE AN H ARE F A B H R E D, B HE B 8 R R A A R B A 5] I Y
KEEUKEN F7(Zhu %5, 2024).

FIARL G CARFE R R S 07 AR T otk s . Horp, 1A 484880 (Bag-of-Words, Bow) (Tsai 2012)
18I G TE AR R H R A A ) B AR, 5 SO Rl S IR SR W 5% L G B ] 1) B 224 (Sumbul 4%,
2019). LSA i &5 5 AE 40 il Re e 4 1] SR R0 e 4 22 P AEAE s TE), il ek 1 BoW ) [) SCH] AT 22 S 3] ) 8
UbAh, RS AL G [ 5 Bk R 5e 8 20 Al (Latent Dirichlet Allocation, LDA) (Blei, Ng, and Jordan 2003)$ H &
RS AMAT R, RETEFAERERR: K, BlERSEOE S, TEEFREE"S"
KB EAR BRI s FE =, OB TR 1) 1] i HE DA S R R AR R s L=, R 2= 0] AT VA
B, TR RERGERX 5" ERXAGR AR RRER, A7 ERENT R FRRREE.

B B IR 22 ST R s ik T Ao 0 I 4% 1) S R IR 3R 7 25 T VR A SO A 3 o R B R B PE E JE

6
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Word2Vec(Church 2017)#1 GloVe(Pennington, Socher, and Manning 2014) %5 & 4 il #x N AL @ i 70 A KT w
W ]V B S B R S ) B, R FERTE TR AR R . i PR BT B A RE,

Bi-LSTM(Shahid, Zameer, and Muneeb 2020) 1 Transformer(Vaswani %, 2017)28#J4% 51 N, B Z BRI UAR(E

u—

SRR (Cao 2, 2022). il 4G 5 #A 41 BERT(Koroteev 2021)3 o #5 A% 15 = A 3 v = ML,
ST SCAR R EEE SRR . (AR, BREABCEGIRAEAR (1 CLIP (138 & AZ /& RS-CLIP(Li %,
2023)i8 Ik 0 LG 2 2P SR SRR RN B G — 2 (], SEELT SOAME BB AL BN A

32 EREBGRHIERTHE

¢

SRR IE R R 3 ) B RS S E U R RGN 5 — M0, L HAR R . R R AR
BEAL AR YE . 18 SOV AR R RRAE ) &, AT SIS AR 5 SOABEAS (38 SO0 5% BB AR LA S A o e e
I UEIE 2 | MO o R AR A, AR R T T RO HRHE (0 SIFT(Wu 4%, 2013). HOG(Pang %%, 2011))
M7 DA R IR ZE UG R BEEIRE Y I EARMK R, FETHEM %I RR Y 2 Ikl i 2
FRAFFREONLE], MR s B 248 /i 1 M & % £ T S0k, RS ZES T, AN GIHE
FoRFTHWAFHHTR: — R YRE (@ERWa s, EREE) , 5 —J7 & E
Ry A A CHIR A Ja . AR XD .

CNN(Li %, 2021)FEA5 3 #5521 RBUE 3L 2 ML, B SR IO SRR S0 R AIE 1 2 T ¥
2 dL B 4 ResNet(He %%, 2016). VGGNet(Vedaldi and Zisserman 2016)if it i & 581 2 5ibib 2, fE5iE
M iN s . SUH ., TRAREARZRAE R AR . T H G 5552108 CRHIE . BRI G AR RS il
PR T 2 T SO SN 51 NV TR DL 1 8 O S X I B, 1368 Jek T A [ ¥ R ) 3 25 TR R E AL E (Woo
25, 2018); W iFZ R RRIERNA SR, AR £ 2 O 4 A R 2 R AE S R 2 1 SURFAE (Ghiasi, Lin, and Le
2019); Z54 6 A itk et 5 AR 1E, 0 3D-CNN(Alakwaa, Nassef, and Badr 2017) [ i 4 Bf 4% [7] - 1 4 15 45
Bo BRI, CNN (¥ 538 VA 40 fh Bt G S0 ol DA R A R B IR DG R, Ikt RS BBl ) g A 1) o L ik
HEFE) 2R s A B R -

A CNN R & vEBRH], M5 ViT(Vaswani 2%, 2017)F1 Mamba(Liu, Tian, 25, 2024)%% 35 B 42 ¥ 4k
FINGERFAR A RIS, VIT KRR R 00 A IR B, 38 I 3 7 WL ) 2 S AT 2 8 1 1) SR B
B of 3 S BUHE R A, GeoVIT(Khirwar and Narang 2024) 25 o A5 AL @ i in N\ s B AL bR g B . 22 I AR A7 1 RN
$ 58 4% A I P R AR RE 7o 1T BT 41K Mamba B2 5L TR 2 M FL G, SR BB e R e A

MK 7 5 a4, 7E 512512 G KM AZ MR e R A L VIT 38D 37% M & . [EERNE, SR E S
7
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CNN # IR A 424 (1 ConvNeXt(Woo %5, 2023)) , i#i CNN HHUR S 4FAE & i N\ Transformer #4174

JRRRHEE, XFIVEIEZ BN RS-CMITR SEARRHIE R 7R 5 2 ST B a2

4 BEJRES B ESOR R Tk S Y

IR RS-CMITR A TF 83 5 5 SUA 8 R EUAR R E R 7R I VE BT 2 B T T TR B2 5 = ) 8 Rk s AL
A ESCR RO TR, IF A SR SRR B PE BE IO IE 5 BORGEACTR 1 S S B S . AT AR TV I 4
0B S I B R0 ZE R, IR T ARSI (2 S D 28 284 . Rl A B 20 ) N T B 4
AN (A A 00 R 2] E@RCEF 21D RGBT, R 2 3R3) 1) RS-CMITR 5
ERIT ARG B G BRI, RS & 285 LR s ] (LD R@K. mR NREVFfETEIR) , #EaA
[ 5 VEAE R BORE JEE 0% Fe 3 S i e ok b f R 95 5

DA BEM T RS-CMITR AR5 B 7 VE T B3 IR B T AR B RS TR R i 7 125 A3 T S A5 25 Tl
Zri T FEARBERAS TN ST kS, BEGE B CA BIENCH B RS RIS E . FAR 0D &1 W 7R
ImageNet 5 [ SRS Bt 4 LTI SR, SCAS 9 00 45 U 78 I TE RLPE BTN . 2 5, 75 01 8 JR P& S e of
Hn, XGRS S BEATEC S ISR, AR IR 5T 2] B MBS AR SRR 0 R BTN 4T
P, BRI AT (Kim, Son, and Kim 2021) PA K [0 £ ] 52808 45 RS0 E T 181 S0 #odfs 48 (Radford 4%, 2021)
Xof A5 i L) 25 AN SCAS i A 2 1EAT PSR AS TN &, 8 38 AE RO E i 1% ) BT s ML — 38 5 0 53R Ak .
BE G, K45 3 1 5 AL T 5 A5 2R AT 7% 30 8 SR A dn, BRI B SRS ARORN SO U EAT O , DASRAS I IV

&I B EISCRIR O B B S T 1A S R TE Y RS-CMITR L4557 i K R R AE NI 3 5K 4 s .

([P o S T S B e R R R SRR O T T | S
FE BB 7 % W BRETNGHE ‘f
KRS A P S
Hodask -
— — e
§ Microsoft COCO . § % ‘7 % -
Visual (n‘:/mur’*“‘/ L 8 | ‘ "
S ) o N7 — S
(ResNetViT ) Elickr30K e R
G mugeNet TG 305 —~ o B
K B BA TG D N
by o
—_—— — 5
— — N\ — 38
e %
| By | 7Y
— < 7l ®T | & -
s - | %
| e s —
e Collected B
RN & i

P 3 3 T AR B R A TR 25 10 U7 25 A0 B T B AL 28 T 5 1) 07 9200 EE 1

Fig. 3 Comparison between non-cross-modal pre-training-based methods and cross-modal pre-training-based methods.
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Fig. 4 Evolution timeline of RS-CMITR task methods

4.1 ETIEBRSHINEGTE

BT AR RS T ZR 1 T VER F A FF I RS-CMITR H4a G2 I ZR B IR, 5 0] FE 0T RS2 11800 18 46 17
BRI R KRS . MR S8R, PR IT VA S AW R ZE T XU A 4 2R 4 PN T R o B 2 4R A 1)
R o SR FH G A 45 2 1 58 R 50 SR P T A 20 3 1) Gt R 5 4 31 ol SR SAGOR SCARRRAIE, SR J5 A Y
M FY — S R AL B2 P2 B o B SRR AE 2 T A AULRE , LS B RS-CMITR AE 55 . X K77 K L fi L 1)
B AN A R Z M RS-CMITR AR5 . Yuan 58 A(Yuan %, 2021)8EH 7 —fM & &
th % REFEBEAE K E (Lightweight Multi-scale Crossmodal Text-image Retrieval, LW-MCR) #H, Jf%&
T SRR T7 A — A RHRZR SRS, DRI $2 5 RS-CMITR TERE I BRI A BoAs . 25 8 21 38 ik 52
BN A IR, 5T 45 15345 B RS-CMITR #2%! (RS-CMITR Framework based on Global and
Local information, GaLR) (Yuan, Zhang, Tian, £, 2022)i i 1 53 W1 5 g D 28 3 15 38 RS2 AL O A8 0 B9 5 = A
MR FAE CMRSITR AE 55 B MERE « A8 15 56K FH B A M 4% (Graph Convolutional Network, GCN) (Kipf
2016) UIR KRB R BTSN R R Z MR FR: ZJ5, SEREEIT 22 H05E 8 E R R
( Multi-level Visual Self-attention, MVSA) (Yuan, Zhang, Fu, %%, 2022)LL78 7 i il BURE SR SL A% 1 22 RS
By RE, BEBESEHEE RN RYARIEN 2 RELR, GalR BARTE 7 BN 78 & ML S RHE, PUE
I (¥ 58 B RS-CMITR ££55 .

K P T il o 00 245 240 (R 08 1 I SR IS RS SIS BT 5, LASS A 4240 8 IS A8 R SO AR 2 TR )
KFR, MIMLRIE RS-CMITR AF 55 (M 1k o 1% 9877 VR 08 W BB 5 B 45 3 18 8RS AR RN SCAR 2 (8] 1R DL IC 43
. 8 UK FELA (Semantic Alignment Module, SAM) (Cheng %5, 2021)3F 1% 45 () 46 52 1 22 (Y 2%
(Convolutional Neural Network, CNN) FIfEH#iZ /2% (Recurrent Neural Network, RNN) 2% ) RE &4
ASCAHIRFE ;. Z )5, SAM SN X FF R H LR RIS L 2R, IRl I AN 7 S0 s il o I8 i X 2 35
it SAM BEWLIRAT R MR BOHR - SCA I R BE ). 8 TRIBHERE R, B 7TEBESXKRIN, BTN

BVE B G AR AE 22 T o B, Yuan %5 A (Yuan, Zhang, Fu, %%, 2022)#& i 7@ T RS-CMITR £ 45 1)
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R FR 2 WA HFAEVT R P 2% ( Asymmetric Multimodal Feature Matching Network, AMFMN) . % &1t T
— A2 REFHER G R DR R BB T RN, BAh, JLOETFR T — M 51 3 = B
Xof 55 B AR ASAE SO O I A A R YRR . BE T AMPMN B2 (1 B4, (25 458 45 B SRS AE UL K X 4% ( Cross-modal
Remote Sensing Feature Matching Network, CMFM-Net) (Yu %, 2022)KH GCN P45 DL B i i 28 1 08 Jo
BXRZ IR AR AR, FEAIH] GCN P28 1) Jpy 38 98 A AR &S (3R AE . O T it — DR BUERE BRI 2 R
FE A JRASAE, M GRAA B RIS M A RS 7T, Tang 25 \(Tang %5, 2024)42H 7 56T 7 50 2 56 1) 8 S B 15 5 8
% (Prior-experience-based Remote Sensing Vision-language Model, PERSVL) . %A #1135 V7 /) 22 B #b
FYER, B EPR R HOE SRS R R EAE B s Bbsh, HBih— X SRl g il 25 F1) FH B A5 B
B AL SCASRAE,  JR BT TS AL B A Rl A SN DLRE & B8 B HRFAE s O T IR B R P o A T
WIZRHIRZ A, 2R B L I s 22 06 7 ST R, AR A TR )1 5 1) D S B 2 i mT SE DR AR 25, 18 IE A R AR XS

R iR T

42 BETERSHINGNTE

WAL BALA BALR ALK WAL ALK
PR, " = 4 P, V4 s
TN SCABNE N CHBNE WA CABNE
mw - ] [Il HAaB Hel mE - [ .JII
w2 F e Py g ¥ 5z LS
By 3 3 3 =y 4 3 *
8E =2 85 z-& 8f =zx %E @ $5%® zop §59% 5 -
o . 3§ % 7 5% 2% 77 w4 n% ‘
83 33 H 353 : 33 i i 3 : 33 H
S ave S e S oo S ave TE e i B ave ]
M | M 1 n
N ~ 4 I V4 7 4
( EguE ) [ wFpE ) ( Esga ) CHHE ] (g ) [ TFHiFE
(a) T (b) $7:3] (c) TR

5 B LA T 45 B 10 = L e o
Fig. 5 Schematic diagram of three fine-tuning strategies for cross-modal pre-training models

He T B8 RS TR 1) 77 9205 18 56 P FH R B8 ) R TR PR - SO AR R SR TN R Y, i L 2 ) B 6 BB AR %
BeAmiR e BfE, BERNEIX S HUIAS L, JHRIE R AR RS-CMITR 145 T K EAT I, LAE R H brds &
FFARTHERE . AR TR R R B SR S BB R FE AT 5, R T S B OISR T A T 4l 7y =26
Feng, Wl 5 FTR: ()4 IR (b)FE S ST R (C)IE AL A% 24 ) o A I SR AR R a5 B T R A L
B ZH  Hetig e 70 AR B0 A AL 1 R LS IS H ARAT 55 1 B FE O T, HL I8 75 S 0K 10 o B0 B RN
BB, $EoR 2 ) AR R &5 R 7 BN R R S BT 52 1, il e vH 4 58 1 3R BBk 51 3 B2 52 1

55, ERHAT KM S HOREE, R e A A R IR T BERA s T I P 4% 57 1 1A% O AR R A2 VI
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SRR FAR S B R S B BT, Hl N 2D BT IR 0 3 C B A UK R 8 AT S5 IR B R, X Ry i
FELRFFA AL FIVE I RIS SR gl 1 RS, RS Hum R IR IR S (Wang 45, 2024).

A% S OR R — BB o Oy 2, R0 AR AE H ARAT 55 bR AN TR R R 1) 2 AT TR
X Fif 75 72 B 85 78 43 R B TR0 GRS (R iR, s s 3 1 7 SR IR H AR S5 i iR HEIE I . A 2R RS
SE SR RS, &2 0 S8 2 B - RFEAC B3 5% Transformer 27 (Interacting-enhancing Feature
Transformer, 1EFT) (Tang %, 2023)% {2 B& 5P O E L 2] RS-CMITR &k, JFAE 4%

SIWOR SRR BT PR ARG SR T, DL E AL RAE, SGERERAE RS-CMITR LI ZAGE . Al A

B}

e — M £ 15 Z Transformer (Multilanguage Transformer, MLT) &%, HF 54 4 /K FH il it tbig =
-8 7 2k (Contrastive Language-Image Pre-training, CLIP) (Radford %5, 2021)%f% 8% 1FE  FT M 4% DL 5E
% RS-CMITR 1155, JFFIH B A ZEE FIIINASEYIMGE CLIP EF M. dA, A7 FoRE R
P — R AR F UG, DA R AR 1. 5 BRI I iE AN, Liu 58 A (Liu, Chen, &, 2024)
BT CLIP e M4R i H T 32 B3 5t i) CLIP (RemoteCLIP) AL, i) A K HUASERE % 22 B0 2 B30 191l 5 i A
AL, DLSG AR R S0h RE B AR I R AT PR BT I B AR BE ) . AER BRI PUIAME J5, ZJ7VE7E RS-CMITR f£55 L
WAL, FFEE TR RFEE . 5 RemoteCLIP 261il, Zhang % A\ (Zhang %, 2024)#Z%H GeoRSCLIP,
R R 8 3 2 BASHUl 0 CLIP AL HEAT FUI %, IFAE RS-CMITR AE5%5 Lol . Oy 1 3t — b B o Y
X 38 S SO BRI RN BE FT, AZ 0T VER O R B SR HEAT 1 iR AN o, fREEAIRLAE RS-CMITR fE55 LK
45 Bt — P BTt .

PEIR 5 2] 3 — MR S O OR T ik, B AR I BT E AR S5 4R R 51 S T SRR R SE B H B AR ST, T
7o T A A S B AT KB R . BRI &, $om o S Bl 78 4m N B0 51 NBUA B S os B, g 38 I
P28 B ST B AT 55 H A N TN B R R I R il AR 55 2 30, Wang %5 A (Wang 4%, 2024)$¢ i I F SCRIA
SE PR3 78 (Context and Uncertainty-aware Prompt, CUP) %Y, Z 70 3 T3 14 b F Sofs B A e
BB BN RYOE E B SR, ARURBE E AR 5 BN G 1R B RIS R . Oy T RO B
SN AMELE, Sun %8 A (Sun %5, 2025)#¢ i T 9 554 /8 LFE 77 vk (Strong and Weak Prompt
Engineering, SWPE) . %77 %W i 5 Al 5542 7= A2 BB, 3 1oy 55 0 L) A0 T 5 1 23 A Y A pi A bt
(4 R G R, 2 Ja R R 5] 3 T B RO AL B R A B2 s (5 2., 1 SR DR 52 4000705 R0 4 JR) 1 S

T C A8 2 S — PR B G WOR 7R, H0 B A TR R (¥ R A N D RT3 T %
B X B I A5 B POl 2 2 AN L EE R LRI, T AR AT S AR R R .l X R T
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A, TG C &7 21 B 08 75 OR 35 0 A5 238 T4 1 TRD IR, o B AR A 25 S 16 A2 08 1) R 1% < Yuan 4§ A (Yuan, Zhan,
and Xiong 2023) % it T Z ¥ @ AL 2% > (Parameter-efficient Transfer Learning, PETL) J5i%, H&it—
AN BRI 2 RS ERGERC A% (Multimodal Remote Sensing Adapter, MRS-Adapter) , 4 2L #¥ CLIP ¥ J&
F| RS-CMITRAES5 o O 1 Bk — 0 i 18 ISR 55 E IR 5 AR 2 1) (A3 SS9 1) AT, Xu %5 N (Xu: 4%, 2025)
P — R i IK S E R 2% (Dictionary-driven Adapter, DDA) . 1% J5 Vi 51 N\ 3t 525 g RURG 7 4w AD ML o)
R T E B R PR RAE, IR R RN BIREE  CLIP B8 b, TTA ROt iR & 1B ERESTE L ER,

SERT T RBIKE K RARS R RE . LR, Li 25 A (Li et al. 2025) 3% i it 28 2 S HE R4 T 4Rz

N

MLt - 18 5 X155 (Fine-Grained Visual-Language Alignment, FGVLA) J7i%. #Evk4E CLIP il 2: 2 £ 1 vl
P, %A BUR G D 3 R A G B 35 14 %54 Transformer BAPHR N AR B = FOEAC AT, DASEILAN E 2R
K% B8 1837 510 EE N o 78 B AR R AL B, FGVLA H4  HoHURE B 15 40k B THIBG & 4L IR A Bk HE
FRB BOW HE— 5 51N 5 4007 B2 153 % Biv 7] AR R i B AL, 76 4 R R AR AH ALLE O R At i #5 PRI AR B - 44 3] 2
FEACLEE , AT AE LRAIE S B8 ) [R] I S 35 3R T RE R I SR R R R R R sbAb, e B R A S oh A
AR E AR IR AL Wan 58\ (Wan et al. 2025) 4@ H 451 14 FiC 2% ( Frequency-domain-based RS image - text
retrieval Adapter, FRS-Adapter) . 1% /528 4 g Sl ek 52 7 48 B K B G 4 E B, FFR A s
TR B ALTE 2 iy LR AT O A, 45 A IR EE S AR LR AERY SRS IE R R . AN, M@ S RS S HLR A R
Be, (RHEEF . S HIEEBNREME, 5| SRESEZSMRKBERET . WEIT XKD, AT
HAY R BRI SIER AR . S5IEAF, Yang %5 A (Yang, Li, and Zhao 2025) M\ 55 2 504k i 18 ¥ 41 2 Y
R, WHESHEHESHL AR S5HT - ICRMESE (PERT-RaMa) , #&HiJET Kronecker A [ I Ak I it 4
Be, FEATINBINAZ G T N RGE R NERRR R . [, fF&E RS-CMITR AEH AN “—
X VLS A —xf Z R 7 [ R, Gl BN L B R , RE IR TG AR, 2RI T RS-CMITR
FE55 b R R R 5 B AR RE

43 XL SRS

KALE =AM ) RS-CMITR %4542, Bl RSICD. RSITMD LA A2 UCM-Captions ¥4l 82, %F & K 117
EHHAT SEI VR E o AR X AR B U TN SCAKE B AR A AT SR R @ k LAY & A5 R AT
% FRRER, R mR GBS A HIEERMES LA R . BN R R TR SR i R

DA AR SR B
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T4 ANEIEEE RSICDBIBE LR RER (%) , BEFNERAMNERR

Table 4 Retrieval result(%) of different methods on the RSICD dataset, the best result is indicated in bold.

H TN EQ
R ik AR R SUAR SRR R AL mR
R@1 R@5 R@10 R@1 R@5 R@10
LW-MCR-b 457 13.71 20.11 4.02 16.47 28.23 14.52
X G 1y LW-MCR-d 3.29 12.52 19.93 4.66 17.51 30.02 14.66
e LW-MCR-u 4.39 13.35 20.29 4.30 18.85 32.34 15.59
GaLR 6.59 19.85 31.04 4.69 19.48 32.13 18.96
ElFiyd SAM t-i 5.91 18.59 30.63 4.82 18.10 33.44 18.58
A SAM i-t 6.41 20.10 32.89 5.91 18.08 29.73 18.85
% s AMFMN-soft 5.05 14.53 21.57 5.05 19.74 31.04 16.16
%”%% AMFMN-fusion 5.39 15.08 23.40 4.90 18.28 31.44 16.42
- AMFMN-sim 5.21 14.72 21.57 4.08 17.00 30.60 15.53
CMFM-Net 5.40 18.66 28.55 5.31 18.57 30.03 17.75
PERSVL 10.25 23.79 36.23 7.65 26.61 41.83 24.39
IEFT 6.26 24.00 39.98 8.11 27.45 43.25 24.84
CLIP 13.54 30.83 43.46 11.55 33.14 49.83 30.39
e MLT 11.61 30.10 42.17 9.55 29.27 44.73 27.90
. RemoteCLIP 18.39 37.42 51.05 14.73 39.93 56.58 36.35
7 bt GeoRSCLIP 21.13 41,72 55.63 15.59 41.19 57.99 38.87
TN 25 R CUP 9.86 31.60 47.15 12.05 32.66 48.70 30.34
225 SWPE 18.66 39.52 53.61 15.33 40.86 57.73 37.62
PETL 14.13 31.51 44.78 11.63 33.92 50.73 31.12
E GeoRSCLIP +DDA 22.23 44.92 57.73 17.20 42.01 59.05 40.52
o FGVLA 16.93 36.23 48.49 12.72 36.61 53.76 34.12
e FRS-Adapter 14.22 31.57 44.93 11.72 34.11 50.96 31.25
PERT-RaMa 12.97 31.53 45.20 11.47 34.04 51.46 31.11

R AME T ZIANF AL RSICD Bl 48 B R R . ML RATH, KA BB Tl 2570 U Re %
BERFBALE RS-CMITRAES MRS R . L mRI8h5 6, (EAEFS RIS T ZE A, PERSVL HLAY
KRG RIE R 24.39%, MK BB T PR ERE . 2T BB WU 2R 0 45 2L 7 % 48 b RIS T
PERSVL. HAKTNF, IEFT HITEREMECT PERSVL #2711 0.45%, CLIP &7t 1 6.0%, MLT &7 1 3.51%,
RemoteCLIP 427} 7 11.96%, GeoRSCLIP 27} 7 14.48%, CUP #27t T 5.95%, SWPE &7} | 13.23%, PETL
I+ T 6.73%, FGVLA #7+7 9.73%, FRS-Adapter #£7+ T 6.86%, PERT-RaMa 7t 1 6.72%, LK
GeoRSCLIP+DDA #7117 16.13%. %45 R R 1 BB T 4575 50/E RS-CMITR AL P B K Ty X T
PERLA TN R T71%, 7£ GeoRSCLIP Il Zh st AU B il - m A\ DDA fia=l, 7£ RSICD ## 4 FHUAS T
IR R R . ZIREY, SHMMEEKE RS-CMITRAES R IEHEMAE .

K5 E T ZIANFSEIEE RSITMD Hdli £ RS R . 2R PRI 53R 4 BUUKEHE. 400
o3I T BRSO ZR M T A 28R R B R4S R B E M T IR BA T ZR M J7 % . 578 RSICD ##i 4
ERgn eI R IAF, GeoRSCLIP+DDA A & /EFARK R AN AR R EAZ I R@1 A K mR =/M5
bR bIXF] 7B AUE (34.51% / 25.97% / 52.63%) . HHELIM S, RemoteCLIP £ AR REEH R@5 LT
59.51% i i R 45 A, LA S SWPE 72 CA R R AR M R@10 HHUAT 75.27%I) B i 45 2R . RSITMD Hf %
MU T RSICD $¥4E, BT RAA S 7 —b4EF . T mRIEI, 4% RARBi% GeoRSCLIP ()1 At

i5 %) 51.81%, R SI R SWPE (14 fE ik 3 50.54%, I& M %% > it 7 GeoRSCLIP+DDA [k
13
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g1k #) 52.63%.

x5 FEBEEE RSITMD 8RS LR RER (%) , REFNERAMERT

Table 5 Retrieval result(%) of different methods on the RSITMD dataset, the best result is indicated in bold.

SR ik AR R AR AR R AR mR
R@1 R@5 R@I10 R@1L R@5 R@10

LW-MCR-b 9.07 22.79  38.05 6.11 27.74 4956 2555

X4 BT LW-MCR-d 10.18  28.98  39.82 7.79 30.18 4978 27.79

G BN LW-MCR-u 9.73 26.77  37.61 9.25 34.07 54.03  28.58

Wik GaLR 14.82 31.64  42.48 11.15 36.68 51.68 31.41

gy AMFMN-soft 11.06 25.88 39.82 9.82 33.94 5190 28.74

;ﬁ o AMFMN-fusion 11.06 29.20 38.72 9.96 34.03 52.96 29.32

iy AMFMN-sim 10.63 2478 4181 11.51 34.69 54.87 29.72

CMFM-Net 10.84 28.76  40.04 10.00 32.83 47.21 28.28

PERSVL 2058  42.29 54.65 14.87 46.06 65.75 40.70

IEFT 11.10 37.99 58.75 15.48 37.61 51.40 35.38

cLIP 2416  47.12 61.28 20.40 50.53 68.54 45.33

| MLT 2256  43.80 57.30 19.29 51.37 68.18 43.75

e RemoteCLIP 28.76 52.43 63.94 23.76 59.51 74.73 50.52

AT GeoRSCLIP 32.30 53.32 67.92 25.04 57.88 74.38 51.81

% o cup 17.70 48.40 64.82 2157 43.70 56.75 42.16

2 SWPE 27.88 51.76 64.82 25.27 58.23 75.27 50.54

PETL 23.67 44.07 60.36 20.10 50.63 67.97 4447

ims  GeORSCLIP+DDA 34.51 53.32 69.47 25.97 57.57 74.96 52.63

o FGVLA 26.33 51.99 64.38 21.77 54.12 72.92 48.58

S FRS-Adapter 23.81 44.53 60.47 20.44 50.70 68.25 44.70

PERT-RaMa 20.66 44.16 58.94 17.95 50.81 69.08 43.60

% 6 R T Z MR FILLE UCM-Captions 3 4 FIR R4 R . FIFEN, 56T B BLA TS H 77k &
LT A ST T2 ZIMREY, * T8 888 UCM-Captions 44, I Z R B3R 1
NS TR () 55 RAZ A 5 T B R . RTM, 5 RSICD M RSITMD #dla 4 AR 2, 7812804k 4
b, AT SHE D MIRR IR L SR T A I RNERC A 2 . DL mR AR B, BRI
B ALHIRE SWPE BT 60.419% )45 R, i T 4% 1 B LB RemoteCLIP Al it #5 2% 21 Y s LAY PETL .
ZEEREY], (BN LA 2 S B0R, AR AT ZR b 3R M A1R, A 5 B N LA B L .

AT AT A R A TN ZRE AR 2 57, A SCERELT 2 A5 T CLIP VIT-B/32 TN R AR
TMITIEMAT R Hr . BARTT S, CLIP JPiEAER eIk 2ITE, CUP Ik 217Es, PETL.
FGVLA. FRS-Adapter fil PERT-RaMa /7 1A K& R 4% 2= V550, B ik, UUAHE R CLIP VIiT-B/32 T
IR (Radford %5, 2021)FE NAIAGRAL, 15 G — 1328 gk B SO 4 b JEAT TR T A 200 B B A5 Y 4 by 15
TN 5 B 557 S 56 5 SR K0T AE RS, S [ G P SR () A B AR AR A AT . SRB S SRR,
T CLIP ViT-B/32 HJ&E T &% °7 2] J7 VAL = At 4 AR T4 7n 27 21 Uik 5 Al i 233 X, B 7R Bk
B K RSITMD a4k EAL N & . fEIERCAS 2 1 RN AR, FGVLA EILH Sk Rk ag, B3

T HAh = MG B85 7 ik, 1X 3R WIGRL B AL oE - 15

hfll3

XFFF AL B % 58 A R A PR I8 IR EE AR 5 SO IR 2 (A 1
B X kB, HAAVEERZ, FRS-Adapter. PERT-RaMa 1 PETL #£ RSICD ¥4 F itk pE s N #Eix, 1BAE

14



335

336

337

338

339

340

341

342

343

344

345

346

347

348

349

350

15

RSITMD #i#iadk EVEREMEE I, RRWELIERE L . 5 CEE R EESE L, AFRER &St

SRS A7 Ve 22 7 et — B TR . MR 52 21 U7k, @l 4 5% S8 L 5 NBAE A AT 27 3] S HOi B
RE % 75 O B I 25 0 PR AR [R] B 58 SR 3% 1 2 STATE 555 8 MRS AIE R0, AN T 6 38 Jo P& SO R A 55 v A S A 1Y)
#* 6 FREIE AT UCM-Captions BiE&E LR ZRER (%) , RIFNERAMBERR

Table 6 Retrieval result(%) of different methods on the UCM-Captions dataset, the best result is indicated in bold.

R . AR R U AR R AR
TERA s R@1 R@5 R@10 R@1 R@5 R@10 mR
LW-MCR-b 12.38 43.81 59.52 12.00 46.38 72.48 41.10
e LW-MCR-d 15.24 51.90 62.86 11.90 50.95 75.24 44.68
2 i LW-MCR-u 18.10 47.14 63.81 13.14 50.38 79.52 45.35
HETF GaLR 11.56 46.19 72.25 10.95 42.29 65.62 41.48
[ SAM t-i 9.50 47.60 78.60 13.80 55.20 94.80 49.91
A SAM i-t 11.90 47.10 76.20 10.50 47.60 93.80 47.85
Sl e AMFMN-soft 12.86 51.90 66.67 14.19 51.71 78.48 45.97
% a%u%g AMFMN-fusion 16.67 45.71 68.57 12.86 53.24 79.43 46.08
- AMFMN-sim 14.76 49.52 68.10 13.43 51.81 76.48 45.68
CMFM-Net 11.90 44.29 66.19 12.19 47.81 76.86 43.21
PERSVL 19.05 50.95 75.24 18.51 53.62 82.67 50.01
IEFT 15.75 60.56 91.41 16.50 57.94 82.54 54.11
P CLIP 17.14 55.24 79.52 13.90 56.95 91.81 52.43
s Siks. MLT 19.52 55.23 81.42 17.71 67.47 93.52 55.81
AT RemoteCLIP 20.48 59.85 83.33 18.67 61.52 94.29 56.36
I R CcuP 15.06 56.98 91.14 15.24 54.76 79.37 52.09
23] SWPE 26.19 68.10 86.19 22.29 66.48 93.24 60.41
PETL 22.71 55.81 80.33 18.82 62.84 93.72 55.71
SERL S FGVLA 24.29 64.76 86.67 19.71 64.67 96.00 59.35
23] FRS-Adapter 22.83 58.90 80.72 19.03 63.07 93.84 56.89
PERT-RaMa 19.05 59.05 84.38 18.82 64.90 94.82 56.83

PERE. NEMERARBEBETIZGIEA MR ZER, 8 6 Rax T PETL Ml CUP PR T iAAE T21 A1 12T &
FALS LIRS R . 78 T2V AR5 b, MEIERE 75 BRSO RILE 0 IEmER; /£ 12T 54,
SOSCFARE T 5 AW ERMG B ILAC K B SCARHIR . W T21 SRR KE, WMINEEART TR S
H45 . £E"There are many white planes parked beside the blue house."iX —4H ki & T2I £ 2 HH, CUP Hik{EH
fir B ks 2 B IE A R (B (0 IUHE), T PETL J7VA R IERG S5 RAAESE 2 fr, XRWIRIR IR 2R E 5T 1
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Fig. 6. Comparative illustration of retrieval results.
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Remote sensing cross-modal image-text retrieval:

key technologies and challenges
WANG Yijing?, TANG Xu!, HAN Shuo?, DU Ruigi!

1. School of Artificial Intelligence, Xidian University, Xi'an, 710126, China

Abstract: With the rapid development of remote sensing technology and the continuous expansion of
application scenarios, efficient retrieval and intelligent utilization of massive remote sensing data have
become core demands in the field of remote sensing information processing. Remote sensing
cross-modal image-text retrieval (RS-CMITR), as a key technology connecting visual perception and
language understanding, establishes semantic associations between natural language descriptions and
remote sensing image content to achieve efficient bidirectional interaction between text-to-image
retrieval and image-to-text retrieval. This technology breaks down modality barriers and enables precise
semantic localization of remote sensing data, providing intelligent solutions for disaster detection,
environmental monitoring, and urban planning. This paper aims to systematically review the
technological evolution, core methodologies, and major challenges in the RS-CMITR field, providing
comprehensive reference for in-depth research in this domain.

This review systematically analyzes RS-CMITR technology from datasets, feature representation,
model architectures, to learning paradigms. First, we introduce three mainstream benchmark
datasets—UCM-Captions, RSICD, and RSITMD—analyzing their characteristics in terms of scale,

scene diversity, and text annotation quality, and explain the evaluation metrics including Recall@K and
20
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mean Recall. Second, we review the evolution of text feature representation methods from traditional
statistical approaches to deep learning methods, as well as the development of remote sensing image
feature representation from hand-crafted features to deep neural networks. Third, using cross-modal
pre-training as the classification criterion, we categorize existing RS-CMITR methods into two major
classes: methods based on non-cross-modal pre-training (including dual-encoder architecture and fusion
encoder architecture) and methods based on cross-modal pre-training (including full fine-tuning, prompt
learning, and adapter learning). We provide in-depth analysis of the technical principles, model
characteristics, advantages, and conduct comprehensive performance comparisons of representative
algorithms across the benchmark datasets.

Experimental comparisons reveal several important findings regarding RS-CMITR methods.
Cross-modal pre-training methods consistently demonstrate superior retrieval performance compared to
non-cross-modal pre-training methods across all benchmark datasets. Different fine-tuning strategies
exhibit distinct data adaptability patterns: full fine-tuning and adapter learning excel on large-scale
datasets, while prompt learning shows advantages on small-scale datasets, highlighting the effectiveness
of parameter-efficient fine-tuning. Dataset quality, particularly text diversity, significantly influences
model performance. The review demonstrates that RS-CMITR has evolved from traditional feature
engineering to deep learning-driven intelligent retrieval paradigms, with cross-modal pre-training
combined with parameter-efficient fine-tuning emerging as the mainstream technical approach.

Despite significant progress in RS-CMITR technology, three core challenges remain: (1)
Fine-grained semantic alignment is difficult, as existing methods struggle to capture subtle differences
between similar land cover types and establish precise image-text correspondences; (2) Multi-source
data fusion and cross-domain generalization capabilities are insufficient, with models showing
significant performance degradation in cross-domain and cross-sensor tasks; (3) Temporal dynamic
matching mechanisms are absent, as current research focuses on static images and cannot effectively
model temporal changes in land cover. Future research should focus on enhancing fine-grained feature
representation, collaborative modeling of multi-source heterogeneous data, and construction of
temporal-aware dynamic alignment mechanisms to advance RS-CMITR technology from theory to
practical applications.

Key words: remote sensing images; cross-modal retrieval; image-text relationship modeling; deep
learning; pre-trained models; semantic alignment; feature representation; pre-trained vision-language

models
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