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eFF, H &, h %, £EE

G fE 42 R FE 0 SE 50 2% (P R 2 R A LR 22 S EOR 2 BE ), A I 230088)

H EE2RARIAEAANFT LRI FRSARFIAGSEDFERERE R 2K S FE
HEBENHRETERIERBAFIEGRES T @, EHFIESFEHARRETEIILRE G A AHFIEZ 8
st (A By st ), o Zesk 47 T AL P ok B 6G AR A AR 5 SO P 84 35 SUAE B 4 AR Z 1) 64 st 5 (B 3R T
F)o RmEZERBRMR, B —MESAGHEREEGEAN, ZL2TFTHAANNF, AR E—FLH0
A iR 2B ¥ R W) A B 5 B 3 2 F (Global and local alignment with phrase augmentation,
GLAPA), Exf FA BB IE ey Bl af, JI N tm 4 JE 69 By 345 AR 3t SEAE A AR A . A BT RIUA T a9
AHEIEFHESRE AR T RRSERFTHI ST, REFRI TR MR, I, KTl T 5%
BT EEEIAFMEZRAGARESF T - FRITEZ AR - IR ROAR, KX ERSICD e
RSITMD ##% % E# /77 X FF %, Lk £ 1% BAKBBES WA TR F, FHEREN,
GLAPA £ RSICD #= RSITMD # 4% & £ 69 & AL T ILA 649 7 ik, T AL 2 36 43698 T By 36 3 0 e bk
KR AR LA KB RF AR T By 30 a 555 4218 3 %

mESZEE. TP311.13;TP309 MR ARG A

SR &JFF 06, Wit & L TR R & R 5 R R 5 Y 8 B EMG SCAR R ROk [T] B R & S b
H,2026,41(4):1194-1211. JIN Kaiyu, HU Xiao, XIE Hong, et al. Global and local alignment with phrase augmenta-

tion for remote sensing image-text retrieval[ J]. Journal of Data Acquisition and Processing, 2026, 41(4):1194-1211.
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A A R R T A Ok I — T B R AT 55, B E R RIS [ Bl 4 45 A R A 0 (5K
i 70 R AT, S R T 5 TR £ S 1, B B )T R T O I Rl
T3 B8 1 o, 38 R B R - S0 A K 3 (Remote sensing image-text retrieval, RSITR)#2 #5 % 56 H 2 (4E
HHM RIS E CAER M NEL T 8 REAGMIE A& &R, R ZINA . BIGZAT 55 T 4R
HKZFN T K I B 2 Rkt gk

HR A A 3= T A AN TR] 28 JEk R - SCA K 36 1 T 3k T DL 43 ok B 1 46 BBl 22 M 2% (Convolutional neu-
ral network, CNN) -+ 7 35 # 28 [ 4% (Recurrent neural network, RNN) (] 77 & #l1 3£ F Transformer ¥ J5
o TG O vk 0l i CNIN 2 BRI R AE , RNN R ICSC A RRAE . 0 DBTN' 38 i S 29 45 56w ok 241
A A ZS ) PR R, T 81 T 3B IR ER SO R R B A R . WS 9 AMEMN'  SWAN' KAM-
CL™HI DOV E SR 5 UK 40 (9 557 AF Bl A4 BO7 ¥ A7 Bl ik . 3 S8 4R, Transformer 4244 §E 45 135
K4 R FRE Rl & fE 32 B 61 . 2T Transformer B8 F SC A R 8 BEWS E— IR B K R BE 6
WFBCLM " [ v 2 B IR AR 245 A 2000 B8 R iF i P 28 SR 3 ) S B S A 25 0 BLm & 5 08 &  Y
MTGFE" #8320 A5 Bl 4 i 0 77 o, B B T RUFI R B . J5 2534 2 56 T3 il = - g wi

HEWE : [E A A1H 2030 F K3 H (2021Z2D0111800) .
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245 %1 ( Contrastive language-image pre-training model, CLIP)"™ 175 , f23% RS5M'  PE-RSITR'*' |
EBAKER' ™ \HarMA""* fl RemoteC LIP3 i fff i 57 2 32 Ji 430 45 ¥ 50 05 i 15 - G0 0E 440 14 Aok 4 228 T
AR T TR R PR RE

JAE A T 1%, i EBAKER A KAMCL, 75 18 J PR SCR 2 AT 55 P R 17— Ik, i 8 e o 2 B o5
AR OCHEAS” 1 SR W R AL 42 Jry X 56 ok 2 U 285 D0 £ Bl S0 0 SE 88 5 4 Sy o SCH 3 Be 0 AH B AT 2 & T
4 JRy R IR 2 1T A X 57 (42 R X 5% ), i 2 S T 4% v 4006 2 %) 4 R R i 55 SCAR v %) o SRR REAE 22 ] 1 X6 5%
Ry FRRE55) o SR, 328 B TR EL A FA 8% £ BE [ 58 53 P38 — B0 W) S0 5 00 8] v 30 A LS5 0 o, S 3]
— RIS I REAS ZE L6 b 52 30 SR 2 RSP, T T A R T OGS FE AR o AR SCHE RSICD £
£ B Y SRS BT R WY A () 28 S0l UG 1) 4 JRy R AIE A% 5X AR LB P 24 5 0.9, HL t-SNE ] Ak 25 5 o 24>
B3l B QN T R =D e = 11 /3576 o S R 1 B E [ 7/ /e S S s o (1 B2 s 24 o &
T S G 8 A N SCAS P R SO T AR TR X SCA R A T 2 TR A R R e B S X )
2 SRR RN SCAS O [R] 9 2 53, DA RS X8 55 AEARLBE A b 78 42 Jay X S RRARLEE , I T i — 2D R M K R 8 T -

RT BRI A R, A SCH A R B SR Y 42 R 5 R 8 % 5% (Global and local alignment with
phrase augmentation, GLAPA)BERL 246 U 58 1o 15675 A A4 Jay AL E 5 o P ARRLJEE , 5 B B 4 T 174 125
RS TR SO 55, AT $2 THRG 3R PR AR o A ke 138, 1 56 A X L 2 20 X 5 10 R SCAS 1Y) 42 JRy REAE L, SR 5 DA
SCA AR B AL R O R R AR AR S ERh AT S A Ak BHE B S R A IX R 2 T Y A
U, RS O LR = T BB Y R B 5 token SRR 247 X5 55, 78 2000 5 5 3 9 32 SCAS TR =2 1) 9 ¢
RPN RFERXS o AN, 3 XA R RS AT MR AR {15 R B A8 T A A b Al AR RS PN
fEZ A OCHE o 25 1, GLAPA BRI GRS AR 95 15 SCN 25 1 3 I 37 1 SCZ TR A0k BE X 55 DG &R, g A
1) 30 25 Jay B XF 75 A A VR AD T A R X 5 7 e JE R R BE AR BTSSR ORI R R TR A A A A
JE X 55 68 1 5 1 S A S M

1 HXIE
M 4 A 32 B9 AN ], 3 JR G - SCAS K R Y 7 36 AT 43 3 F CNN - RNN B 5 2 Ml 5 F Trans-
former 1Y 7% .

(1) 7 CNN-+RNN 1 Jr % o B 0109 7 ik /&3 o CNN £ B ER FRAE , RNN 32 B SCAR FR IE .
DBTN I 1o - 8 fl 4 5% s 54 4 4 i A 23 18] FP A 5 AF , DT BE % 2 ) B Ra fe ) R i, JF A T 18 IR A
G- SCARK R B 2 . AMFMN Gl i 22 RO 900 1 0 e 4 B 38 R A, o FH 009 45 1 4
SCARBEAE AR EC, (S A R = ERK R B MR N MIRIE . GalR'™WHH T 25 B sh S a4
(Multi-level information dynamic fusion, MIDF ), LA filt £ 32 Jak €1 15 119 Jay 38 1 4 Jm 5 10F f 3 56k (115 19 3
FIkAE S . SWANHE T WAL 2 R Rl R 37 5t 2007 3 TR R B B e 5 TS AR A b B e BE 7 .
DOVE" ) 5 38 9058 45 A 1 38 107 $t 940 28 W0 5 1 SCAS A LS ke 9058 38 SO0 A% R) 8, RSTight! ™ fdi 11
TR ZE AR T F CLIP #5551 Jon UG A% 31 5 it GRS 70 v | DL S 300 g 000 9 A 1) 328 J P SO 38 oK Kk Afg
A5 LPOLR Y RE T R E  HLA R A VT T A 22 R 25 R IR R KR R T ¥k L DATE M5 TR 2 b 2 B R KR Y 1 2 O
A5 . CABIR™ FI A8 X8 N e LS B B A T, 9F FH SCAR IR 515 I 45 Sy 1 4% 45 fiF 4 Pid A
5 38 TUAHRAE o TTRM ™ DA PR 15 rb 4 B HH 0 38 R 80 B0 L, P T 20 1 W, 4o PR A 1 1)
PRI, ESFN" ] H 12 8% B R R SCAS v i SR SO AR w0 P AR 1 4R M R I .

(2) B&F Transformer B9 /7% o Transformer B 58 65 {38 K A9 42 Ry R AiF Al & g 1, 3&F Transform-
er BP0 58 I SCA R RS HE — L3R B K R MERE . FBCLM i Bl 1 T 25 45 BB 285 1) 40 L B8 4R 10F il
P8 SR R S PSS A5 B 4 o PIR'VHE H il F 28 J87 55 3R 31 9 S5 36 R UK 48 S 9058 0 SR R 40E 114
XTI A 2T L P SN ) R ST-STR ' 1o 5 3 Je PR 9 Ak 1] 44 ke ok 5 L PRI 4R 4 A Jd A 2
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5% 5K S 0 ST R 4 3 B AR U B A B LA R S SR R SO R A T R . Bl CLIPM 7
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2 AKXFHE
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2.1 FFfERE
WE 1A 22 3843 BT 7R, e A 1 O, 45 4058 2 1) 2% A1 SCAS 2 A 25, LA B 1 AR R 4R B
(1) M mABas . ASCRA VIT BHAE NSRS e . BEMABRICR YV C i H W

Co TR R SR . B 1 a o N= T W m e P R R R

P2
J5 L A B R B 3 — A T2 2] 10 LM B S Sy — 4 Y token, WS N b A7 B 2 A% R — > ] AE 2T Y
[CLS Jtoken J5 it A 8 L 2 Transformer 1. )5 , T A A token 4 it — AN £k Pk B G145 2] D 4k 09 g b O
i fE R L CLS ] token 1 545 B (9 WL SE 4 R REAT L { AL 2, oo ) R R ) P45 e 1 0056 ) 30 AR A
R R AT AR

SESLLE o f =91 (1)
K g K8 CLIP B g 22
(2) CAR YIS a5 o A SO HT CLIP f8 SCA 9 5 3 4 S SCR G i 8% o 25 58 il A SCAR T, B 6 4di il BPE
(Byte pair encoding) #4773 18] , I 78 SCA (14 TF 2k A 45 B 43 il 4 AL SOS Jtoken FI[EOS ] token, #AJ5 , i
FHAR A FERE token B 48y o] 52 R, IS N & i B . I )5, #F 0T A7 token #x A% A 3 L )22 Transform-
er 1, I ik — AWML 15 B token (R IR L £ AL £ o fL L) b £ R S SUAR (4 TR
REAELEA S f2 - )RR R token B SCAR R BORFAE . _F ik 19 1o 782 7T LA KR g
FESLFE e f = ¢(T) (2)
T TR CLIP M SCAR i fi 252, M g SCA o 1Y token 3t
(3) MES B se . A SO 2 19 H 85 = &b 3 (Natural language processing, NLP) &b T B
spaCy i , N SCAS T i 2 BUE S ME A& 508 p, JF0 1 A L 28 Je s B ey A 38 SCOA 2 ) i vh 459 31 4 1
TR 1Y 42 JR) AR TR AR, i B UG A T I e SRR . A0, £ X “an empty port is near some
buildings and many green trees, X ) i% , # B {“an empty port”, “some buildings”, “many green trees” |
SRS B . X 3 MRS T 1B 4 ik A B SCAR gt 28 b AR B E T SRR £ LS A ). B
i3k F AT LA R R R
S S = ¢ ((T)) (3)
K KR spaCy FE P I BE & AR S I T B, ERR SR BEEH
2.2 HHEXEFF
RFAE X 556, 455 42 Jag R I T 5 R Ry S AR R T 5, 20 i) P T DG T R A T SCORI AR A B2 15 L
(1) JRFrEXS 55 . 5 CLIP iy % 55 75 S ABL, A SO R He 2~ X6 5 42 Ry IR 3 e i AR 42 Jmy SCAR
FRAE . BARHL 30 58 = cos ( £5, %) R RN SCA Z [0) 19 42 Jmy ARARLEE , s R 26 sk IR S 56 A SUAR Z 1)
R4 Sy ARLABLRE | 0 4 Jag XoF 56488 2% Ky

1& exp(s&/7) 1 & exp (s§/7)
L’%rc:fgzlnyi—gzﬂnui (4)
i=1 zexp(sg./‘[) =1 Eexp(sj%./z')
j=1 =1

s AR IE B X 22 (8] A ARBLEE , B oA At R/, o i BB S50

(2) JRFREFAERT 55 o BR T 4 R0 5541 A SCIE 23 % AHDRE BE 1Y J5) S AR AE HE AT 0 55 o AR SCHEARE A e i
4 4 Jay R AR 5 TR A5 B0 Jay B 4 AE R AT X0 5%, DA T g — A o, 3 B M RUBE R T — E B(E Y 1R
B AT R 55 o BAMR UL, L 5, = cos( £ £5) R BRI 5 n A EUR B 5 SCR 55 o A M2 B2 2 18 1))
FRARBLEE , DXk 55 e MR i, L UG 2 1) R ARLE Sy
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sh= L st A,={nls\,>y, ne{1,2,---,N}} (5)

A,/
APy H—ABEE S, A SCERUEE B TR0, I B 2 SR BUET T A S8, A, Rm 5 5
A M & J T AR KTy 9 RS AR LS B S o A SOl — > SCA v i A S TR S RSO A0 T

ﬂﬂfﬁ?ﬁﬂﬂi?ﬁ% P8 2 18] 1 Ja3 PR A AL , B

%Z (6)
o sy WA zS'KIEH%'ﬁ'Eﬁj/I\jCZIKZIEﬂE’JEiMf DL, ) J= 358 %) 55 451 2%
L%TC -5 z In exp /T> % i In nexp ( Sﬁ/f) (7)
! Zexp 55/7) ! Zexp(sjlv/z')

N RO A1 SN b o el O R -
2.3 HEEE

e B AR F T G SR RSE TR ) B B D A T PR R SCA BEAT B 43 B O E Bk N2, AT A 2
A AR IE RN

(1) 55T P4k &A% (Masked vision modeling, MVM) . 5 1t A] #0 4k AR 5 78 5 4 3b P g 15 v 1
JR AR B IR AR R Z I SE R o g e i A R T BERLBE #CH: 7500 19 BUGR Se LLSR A SRR BAR T
SR 5P HE R PR T™ 26 AL D8 S i 2 L B BRURE A MR B A R A o 3 S8 AR RS 3 — > MVM Sk ok 5 2 Jit
RS, TR B ERIC N .

AR SCAE FH Y 5 iR 22 5 2k (Mean squared error, MSE ) 3 4k 5 2 B 4% 11 5 46 B4 1 22 18] 1) 45 i 1%
W E A

Ly = |

Sy (8)
eM

V‘i M,

A M, F R R R 8 bR 4k .

(2) HErS 5 @ (Masked language modelmg MLM) . #EfiE 5 sz T 5 R A M £
BRI hrp, IR BRI iR S M RE ) o A — 13U T, ﬂﬂMASKHTlEFﬁMEFﬁﬁW 15% 1 5.
i) Ao B RS SCAS T, SR 5 B T i A SCAS G i 2% LA SR BURE S B ic B9 RRAE o 3 S8 4 E 3 i MLM Sk B 4
BRI S AR, %R TERM Y b MR T ARIC O BORE VIR ANE R/ o i FH 38 AR5 2k oF
Yot oA = A

MIM =" |M|210gT]y (9)

€M,

A M, FR B ROA B RDIE y, R4 A R RORTE RN R & 5], T, o4 Ay, B T
2.4 JlFEE

A A AR I Gk H bR 53 D505 8 kRS R B R bR R0 A A DALY O A B B B 4
B4 J) R Jey R B BE #E AT DT

D) YN B4 Jmy it F5450¢ Jm 30 6k 5 45 2 RS AL A 458 2 A TN 3 H IR B Al A

L=2XL&c~+ L Live + A3 Lywvm + A Ly (10)

K2, 20 A A, W SE TR A R R B S 2 . BRTESC I B A, = 1,4, = 1,4, =
1.0,A,= 0.5,
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(2) 3 7520 B B, F0 4 5 AR B0 5% IR SR AR ABLBE s Al I A ¥4 g e AR BLE , B
s=as* +(1—a)s' (11)
X a h— AN SR, T T 4 S5 MR AR SR AL B BT Rk . 7E RSICD %di 421 1 AR SCERIN %
a=0.7, B4 R HIRUE &5 70% , JR AR L (5 30 %6 5 1M 75 RSITMD s 48 1, A SCERIA S8 a = 0.5,
TE I SE 00 5255 53 BT v AR SO o AT T B0 4 AT L LA TAk A [m] 18 52 % DG BE 205K A9 5% T

3

¥

e
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3.1 XWEE

(1) Hd gk . Soue b A T 38 B ER - SCAS K 28 ob 05 FH B0 19 A 36 o B9 4 RSICD!™ il RSIT-
MD' 3 B E A SC 75 B B A ke . RSICD 048 42 i 10 921 5K 43 B3y 224 1% 5 X 22414 F 19 RS 4L Ak,
K G HERA 5 A AR, 3531 18 190 A~ M\ — bR . 4% BE STk [ 22 ] v 19 38 &, A SOKE K08 543 A 7 862 3k
BRI 45,1 966 3k FH T 5000, 1 093 5k A F il . RSITMD %4 4 4 7 4 743 5K 43 R N 256 1%
F X256 12 KA A 23 7154 br 8, Hirp 21 829 A ME— o 4% BESCHk [ 22 ] A Iic &, AR SO A 3 4355k
R HEATII125 , 856 5K F F 56 1iF , 452 5K F T3t

(2) 2405 . GLAPA (%52 30 & T HarMA ' F1 PIR™ 9 48 75 % , #) F OpenCLIP™ $2 fit 19
ViT-B-32 4844, 76 H 28 BUZR 14 F 00 25 9 AUE HEAT 90 iR Ak . MM Sk F MV M Sk #B i — St 2 41
Bo H7E HarMAY Y o — R R SOt K /N A 64 159 Adam W A6 Il R RS, BEAT 40 WK epochs 3l
Yo WAL, AR SCR LR T A LM o 1) 2 ) SR8 B SRS L 2 2D SRR O de O BIAD K IR
H0.20 BT AT SEHAE Py Torch HEAR T S8, JF7E M1 NVIDIA RTX 3090 GPU E #4791 % .

(3) PPAG AR bR o R4 2 A 1Y) 12 R R - SCAR KL RAF 58, A SOl R@K (Recall at K, K= 1,5,10)
mR(Mean recall) $§ bR 3P4k 75 26 19 A 20H . R@K K 1 AT K A 25 AL o A D8 Be X 19 B, 1 mR om
ANIE KAE T R@K (B 07 208, T 324X 6 2% Mk 5 10 B AR DEAG
3.2 FEEXW

T R Jr A 5 T CNN-+RNN ) SWAN' KAMCL'™® [ESEN#'HI DOVE", I J %
F Transformer i AEFEF* FAAMI® PIR'#M MTGFE", M4k A & T CLIP(VIT-B-32) #i il
KAL) PE-RSITR™ HarMA"™ . CLIP-F T fil RemoteCLIP' 4 Ko He 2k . Horf CLIP-FT J& 76 i
YR CLIP B AL | i 38 S B de 46 847 i 4 B 0 . RemoteCLIP M2 fi B T RET-3 YIl 21 53 i b
A% b H A AR AL T 0 22 B SR B o R AR IE S A AR SCH R AR 1 SC A 2 SR TT DA K .

ARSCH R T HET CLIP A AL . RSICD Al RSITMD ¥#i 42 iy S s 45 e 1,2 s . L4,
AR P A A8 R SO = P SR AE 3R 1 b o DS SR AR SCRERE A5 31 LR LA 45 SRR 25 4

(1) RSICD E %55 . RSICD %6 4 b (45 5 R #6328 1 b (A SO i A 2R A v fin KL B30 287 i
a5 ) . W LLE B, F Transformer 7E 5 £ T 0 07 i — M 22 LU T CNN-+RNN 1 )5 ik 2 4f . B iE
— 5 F CLIP(VIT-B-32) i 7 ¥k ) HE 3% 38 (9 Transformer 7735 2 B U . A SCHY ik 36T CLIP
(VIT-B-32), 3 HA 0N T 450 40 B9 4 B2 5 3 X6F 55 R B g A5, DRI O 78 46 11D 7 R R0 0 1 2808 F L 78 mR
F645 F W CLIP-FT 27 T 5.06 %, #: 2 WAt 1 38 2 Il 2k %48 H T 5004 19 RemoteCLIP 7E mR | if %2
5 3.43% . BRI, A SCH S R AE RSICD B 46 | B985 AR AR R IR 8] 1 5 Se b AR .

(2) RSITMD E 458 . RSITMD #dli 4 F 45 R RTER 2. X RSICD,RSITMD A £
FEVE B SCAS, I BLSCAS Sl R T8 i 4 S0, PR A 35 S AR R OE AR R o BE T CLIP (VIT-B-32) Y Jr ik 7
RSITMD | 442 7H 5 I B &, 0 #8 56 T CNN+RNN H1% 38 Transformer 7535 . A 307 178 K A SCA Y
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%1 RSICDHEEE THWEKR-XAKRELERILR
Table 1 Comparison results of the image-text retrieval on RSICD dataset %
Tk ET Kl SCA R@L/R@5/R@10  3CAZ K R@1/R@5/R@10 mR
SWAN CNN-+RNN 7.41/20.13/30.86 5.56/22.26/37.41 20.61
ESFN® CNN-+RNN 8.14/21.04/33.03 6.48/24.08/40.16 22.16
DOVEY CNN-+RNN 8.66/22.35/34.95 6.04/23.95/40.35 22.72
KAMCLY CNN+RNN 12.08/27.26/38.70 8.65/27.43/42.51 26.10
AEFEF™ Transformer 7.13/16.27/24.95 6.33/23.27/38.85 19.47
FAAMI™ Transformer 10.44/22.66/30.89 8.11/25.59/41.37 23.18
PIR™ Transformer 9.88/27.26/39.16 6.97/24.56/38.92 24.46
MTGFE™ Transformer 15.28/37.05/51.60 8.67/27.56/43.92 30.68
PE-RSITR" CLIP 14.13/31.51/44.78 11.63/33.92/50.73 31.12
CLIP-FT™ CLIP 15.89/36.14/47.93 12.21/32.97/48.84 32.33
HarMA™ CLIP 16.36/34.48/47.74 12.92/37.17/53.07 33.62
RemoteCLIP"" CLIP 17.84/35.96/50.14 13.89/35.15/50.08 33.96
AR ST CLIP 18.85/40.35/53.61 14.86/40.02/56.65 37.39
%2 RSITMD#EE FHMEKR-XAKREERLE
Table 2 Comparison results of the image-text retrieval on RSITMD dataset %

ok FT FE 4 LA R@1/R@5/R@10 XA F R@1/R@5/R@10 mR
SWAN CNN-+RNN 13.35/32.15/46.90 11.24/40.40/60.60 34.11
ESEN™ CNN-+RNN 18.81/36.50/52.43 12.52/43.14/62.79 37.70
DOVE" CNN+RNN 16.81/36.80/49.93 12.20/44.13/66.50 37.73
KAMCL® CNN-+RNN 16.51/36.28/49.12 13.50/42.15/59.32 36.14
AEFEF™ Transformer 13.27/36.06/51.33 11.55/41.42/60.00 35.60
FAAMI™ Transformer 16.15/35.62/48.89 12.96/42.39/59.96 35.99
PIR™ Transformer 18.14/41.15/52.88 12.17/41.68/63.51 38.24
MTGFE" Transformer 17.92/40.93/53.32 16.59/48.50/67.43 40.78
PE-RSITR" CLIP 23.67/44.07/60.36 20.10/50.63/67.97 4447
CLIP-FT® CLIP 26.99/46.90/58.85 20.53/52.35/71.15 46.13
HarMA"™ CLIP 25.81/48.37/60.61 19.92/53.27/71.21 46.53
RemoteCLIP" CLIP 24.78/50.00/63.27 22.61/55.27/69.87 47.63
AR ST CLIP 29.87/49.56/62.39 23.98/57.35/74.03 49.53

R@1 AT CLIP-FT 4/ T 2.88% , iK% T 4231 30% MY HEH R . IF HAE UARE MR L, AR
IR R T R 55 43 8, A i A BT . iR AR SO ¥ RemoteCLIP 78 mR B4 T
1.9% , & B AE il 5 /D 0 SR B0 i) 155 B0, AR SO 1A AR RE 05 38 31 i e 1 i 53R .
3.3 SWEW

A9 38 1+ 7E RSICD H RSITMD %4 45 b 119 22 A 73 A S5 56 f 36 30k A SCRSE A 9 A7 2%t A0 465 % 46 2%
PRI A5 A B0 4 HE AT I R S I DL R R Gt B P SR B SR Ao A FIA, TS 5 L )
ARABLBE 73 B v B 4 Jr) 1S53 ¥4 53 50 LE 91 B 2 0 o Y U 23 B



EFF F:ATHRERRY AL R FERAGE AL EH ® 1201

(1) MRS . e 3~4 FE7R T AR SCRH 2% pR B0 45 A 30 2r AT T Al S 50 i 45 R o AR SO &2 R
PSR Wt & CLIP-FTAE N AL o SR 5 43 BB i J=y &6 X5 5% \MVM \MLM i 2% 5 5 3 5 L)L & 3
A K E B (4o Feom Jry T 45 28 L+ v Fon FEM L AE A |+ 1 SRR A% 0 & A | +aug Fon KB R
W +d FoRn s A XK ESE) L AT L& B mR 7E RSICD #0464 F2» 4R+ 7 3.01% .2.23% .1.28% .
2.65% F13.06% , 7F RSITMD %4 % b 20l 42 7+ 7 1.55% ,0.80% .0.62% . 1.54% M 1.97% . H, 5
X S 0 2 5 2l A DX R T Ok Y B 25 R Oy W 3 —— T B 08 TE A KL BE )2 T3 o I R S 6T 5 g
T H2 I DX 4338 % G v ) DG R A T 5 S o D5 A Bl A A R s D A A RIS B T SR RRAIE |, £ T DT RS
BE S — 2 0 44 5200 R R X SF R MV ML 41 A 32 T i K, 3 38 W R 5 J 0 AR AIE Y B M L e
W5 BT A 1 45 G AR I i B AR AL mR 45 43 #F RSICD 4 48 ik 3] T 37.39% , 78 RSITMD #0448 -3k
F| T 49.53% .

#3 RSICDHEE EFREMEMEMIWERILER

Table 3 Ablation experimental results comparison of different losses on RSICD dataset %
ik Pl #5 30A R@1/R@5/R@10 CA#E R@1/R@5/R@10 mR
2k 15.89/36.14/47.93 12.21/32.97/48.84 32.33
+loc 17.02/38.06/51.51 13.74/37.37/54.33 35.34

+v 16.56/36.41/50.41 13.05/37.31/53.60 34.56
+1 16.93/34.13/47.94 12.72/36.29/53.65 33.61
+aug 18.11/36.86/49.76 13.52/37.29/54.34 34.98
+d 18.38/37.13/49.30 14.70/38.05/54.77 35.39
+loc+v 17.47/38.15/52.42 14.53/38.24/56.10 36.15
+loc+1 18.39/37.79/50.96 14.36/38.83/55.72 36.01
+v+1 16.74/37.33/50.96 13.17/37.69/54.29 35.03
+loc+v—+1 18.85/40.35/53.61 14.86/40.02/56.65 37.39
%4 RSITMDH#E&E FAEMEAMERMIWLERILR

Table 4 Ablation experimental results comparison of different losses on RSITMD dataset %
ik Bl 4530 R@1/R@5/R@10 SCA A E R@1/R@5/R@10 mR
FLk 26.99/46.90/58.85 20.53/52.35/71.15 46.13
+loc 25.44/49.34/61.50 21.86/55.09/72.83 47.68
+v 25.66/46.46/62.39 20.93/53.10/73.05 46.93
+1 24.78/47.12/61.73 20.31/53.94/72.61 46.75
+aug 25.52/49.19/60.03 22.28/55.78/73.21 47.67
+d 28.21/47.23/63.38 21.88/55.60/72.28 48.10
+loc+v 28.54/49.56/62.61 22.79/55.97/73.50 48.83
+loc+1 28.54/49.34/62.83 22.79/55.97/73.41 48.81
+v+1 25.00/49.78/61.28 20.88/53.94/72.17 47.18
+loc+v+1 29.87/49.56/62.39 23.98/57.35/74.03 49.53
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ST 2, Jey s % 55 458 2 bk R 42 T e ok (3, MIVMLURT MILML 0 — 25 3 5 1 4 AE A RE 1 - MVM
FE R TR T R R RE Ty A T Ry B 5 L (EATI AR X A R BB A I A B s MLML
S SCAS SRAEBE T, 7 38 B SCA R AR X AL WA 00N, L5 A XN o A BT A G AR SO LS DA
ik B i Se I TR RE

(2) WSO BT . R 5~1250 IR T A Ao A FIA, BB A3 BT 5236, 3% 13~16 Jie/n 1 4
T R ASE 1) o7 LU 491 1 SO 43 BT 23, 3R 17~ 18 IR T o (W BB A3 T 52 30, LA 2 45 25 SR ELAAR 43 T

&5 RSICDHEE LA ERM

Table 5 Sensitivity of 4, on RSICD dataset %
A Pl A R@1/R@5/R@10 A E R@1/R@5/R@10 mR
0.01 11.63/29.37/41.35 12.46/32.81/50.04 29.61
0.1 16.48/39.62/51.78 15.50/40.47/57.91 36.96
0.5 18.12/40.72/52.15 15.21/40.31/57.54 37.34
1 18.85/40.35/53.61 14.86/40.02/56.65 37.39
5 17.39/38.71/52.97 15.21/40.11/58.11 37.08
10 16.38/39.26/50.96 15.66/40.11/57.30 36.61
100 15.93/37.33/49.58 14.11/36.72/54.78 34.74

#6 RSITMD #iEE&E 2, HH RN

Table 6  Sensitivity of 4, on RSITMD dataset %
A K4 A R@1/R@5/R@10 SCAAE | R@1/R@5/R@10 mR
0.01 22.12/38.94/54.21 20.35/47.43/65.31 41.39
0.1 26.77/49.11/62.61 22.66/55.93/73.59 48.44
0.5 28.32/51.10/61.28 23.89/56.11/74.91 49.27
1 29.87/49.56/62.39 23.98/57.35/74.03 49.53
5 28.76/49.56/61.28 24.29/57.74/74.16 49.30
10 27.88/48.23/60.84 24.20/57.17/74.60 48.82
100 25.66/48.67/61.95 23.45/54.56/71.95 47.70

®7 RSICDHIEE LA MEEN

Table 7 Sensitivity of 1, on RSICD dataset %
Az Pl A R@1/R@5/R@10 XA R@1/R@5/R@10 mR
0.01 19.58/39.89/49.86 14.77/39.71/54.55 36.40
0.1 21.05/39.62/50.59 13.83/39.77/53.92 36.47
0.5 20.96/40.17/52.97 14.57/39.60/55.48 37.29
1 18.85/40.35/53.61 14.86/40.02/56.65 37.39
5 20.59/40.81/50.96 14.42/39.86/54.99 36.94
10 18.67/37.88/50.50 14.22/39.16/54.84 35.88
100 15.92/34.04/46.20 12.52/35.63/50.28 32.43
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*8 RSITMD ##E&E A, HE R
Table 8 Sensitivity of A, on RSITMD dataset

1203

& # XA R@1/R@5/R@10

XA E R@L/R@5/R@10

mR

0.01
0.1
0.5

10
100

26.55/52.00/60.62
28.54/51.78/59.52
28.54/50.01/62.39
29.87/49.56/62.39
27.43/50.23/61.95
25.88/50.67/59.96
24.34/47.13/58.41

23.89/56.24/74.12
24.51/55.80/75.04
25.00/56.33/74.25
23.98/57.35/74.03
23.40/57.04/74.29
25.13/56.20/74.96
24.47/55.04/74.34

48.90
49.19
49.41
49.53
49.05
48.80
47.28

®9 RSICDHEE LA, MHREME
Table 9 Sensitivity of A; on RSICD dataset

A 3

4 LA R@1/R@5/R@10

AL K R@1/R@5/R@10

mR

0.01
0.1

10
100

18.30/39.89/52.60
19.03/39.43/52.88
16.74/40.62/53.61
18.85/40.35/53.61
16.74/41.08/52.88
16.47/40.71/53.61
18.21/38.88/50.22

14.90/39.60/55.98
14.77/40.51/55.37
15.01/39.28/56.47
14.86/40.02/56.65
14.97/39.69/56.14
14.48/39.10/55.30
12.17/36.23/51.91

36.87
37.00
36.95
37.39
36.91
36.61
34.60

%10 RSITMD H#E&E A, BSR4
Table 10 Sensitivity of A1; on RSITMD dataset

& 4F XA R@1/R@5/R@10

YAEK R@1/R@5/R@10

mR

0.01
0.1
0.5

10
100

27.88/48.01/62.17
26.77/48.45/61.06
28.76/48.01/62.17
29.87/49.56/62.39
26.11/48.89/61.28
29.43/47.79/59.07
25.67/47.79/60.40

24.16/56.60/74.61
22.83/58.15/75.32
22.83/57.31/74.96
23.98/57.35/74.03
23.81/57.13/73.59
23.63/55.28/73.99
23.41/57.31/74.25

48.91
48.77
49.01
49.53
48.47
48.20
48.14

F11 RSICD H#E&E £ A, BRI
Table 11 Sensitivity of A, on RSICD dataset

A

&l 4 XA R@1/R@5/R@10

YAEK R@1/R@5/R@10

mR

0.01
0.1
0.5

10
100

20.41/39.26/51.23
18.85/39.53/53.52
18.85/40.35/53.61
20.13/38.34/50.50
18.39/36.24/47.48
15.65/30.84/45.92
14.83/29.47/41.44

14.39/39.72/55.43
14.68/39.39/56.36
14.86/40.02/56.65
14.77/39.56/53.84
13.69/37.80/53.95
14.22/37.25/52.70
10.67/31.58/47.01

36.74
37.05
37.39
36.19
34.59
32.76
29.16




1204 R E B L Journal of Data Acquisition and Processing Vol. 41, No. 4, 2026
%12 RSITMD H#E&E kA, BSR4
Table 12 Sensitivity of 1, on RSITMD dataset %
Ay FE 4 A R@1/R@5/R@10 WAL E R@1/R@5/R@10 mR
0.01 28.98/46.24/62.17 23.19/55.67/73.06 48.22
0.1 30.31/47.12/62.17 24.96/55.98/72.66 48.86
0.5 29.87/49.56/62.39 23.98/57.35/74.03 49.53
1 29.64/48.01/62.83 22.83/55.36/73.37 48.67
5 27.21/46.24/62.17 22.44/54.34/72.31 47.45
10 25.88/46.68/61.50 21.46/52.79/70.54 46.48
100 25.00/41.37/57.52 18.90/49.47/69.43 43.61
F& 13 RSICD ##E & LB Fr #79 Lb B gy B 2k 1t
Table 13  Sensitivity of the MVM ratio on RSICD dataset %
KU RE Pl 45 3R R@1/R@5/R@10 AR R@1/R@5/R@10 mR
0.05 17.84/38.97/53.52 14.00/39.09/56.29 36.62
0.15 17.20/39.43/53.79 15.34/38.96/55.46 36.70
0.25 16.65/40.16/53.61 14.53/38.61/56.69 36.71
0.35 17.29/37.69/52.33 14.61/39.75/56.47 36.36
0.45 17.38/38.42/53.70 14.83/39.05/56.45 36.64
0.55 17.20/38.42/52.23 15.03/39.31/56.51 36.45
0.65 17.11/39.25/53.88 14.46/39.29/56.45 36.74
0.75 18.85/40.35/53.61 14.86/40.02/56.65 37.39
0.85 17.93/38.42/52.14 14.70/38.94/57.02 36.53
0.95 18.30/38.24/53.42 14.68/38.30/55.54 36.41
%14 RSITMD #i#E5% EE MWL O A S
Table 14 Sensitivity of the MVM ratio on RSITMD dataset %
Py 1 L £51) El 4 CA R@1/R@5/R@10 WA K R@1/R@5/R@10 mR
0.05 29.87/47.13/60.40 22.74/55.93/72.26 48.06
0.15 29.21/46.69/60.18 22.17/57.79/72.62 48.11
0.25 30.10/45.14/59.52 22.92/58.32/74.52 48.42
0.35 31.64/47.13/61.73 22.04/56.68/72.66 48.65
0.45 32.97/45.36/60.18 23.36/57.35/73.54 48.79
0.55 28.10/48.01/62.17 24.29/56.11/73.63 48.72
0.65 33.86/46.24/62.17 22.79/57.66/72.53 49.21
0.75 29.87/49.56/62.39 23.98/57.35/74.03 49.53
0.85 31.20/47.13/62.62 23.67/55.84/73.19 48.94
0.95 31.42/46.69/59.74 23.54/57.74/73.32 48.74
F 15 RSICD #1475 £ ST A #E 55 b i 1 B =% 1%
Table 15 Sensitivity of the MLM ratio on RSICD dataset %
SCAHE R L ] 4 A R@1/R@5/R@10 UAAE K R@1/R@5/R@10 mR
0.05 15.83/40.08/54.53 14.73/39.08/55.09 36.56
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gk
SCAHERS LA £ 34 R@1/R@5/R@10 SCAA E R@1/R@5/R@10 mR
0.15 18.85/40.35/53.61 14.86/40.02/56.65 37.39
0.25 18.12/39.62/52.15 15.04/39.78/56.08 36.80
0.35 17.02/40.54/53.71 14.64/38.88/54.64 36.57
0.45 16.84/40.17/53.80 13.72/39.05/56.08 36.61
0.55 16.65/40.17/54.26 14.33/39.10/54.84 36.56
0.65 18.57/38.89/53.07 14.75/39.14/55.17 36.60
0.75 17.20/39.17/52.88 14.49/39.91/55.61 36.54
0.85 16.29/39.62/52.79 14.00/39.05/55.57 36.22
0.95 16.38/39.62/53.25 13.68/38.42/55.86 36.20
& 16 RSITMD ##7 & b 30 A8 50 b 1) ) 1 2% 1
Table 16 Sensitivity of the MLM ratio on RRSITMD dataset %
SCAHE R A P AR R@1/R@5/R@10 WA E R@1/R@5/R@10 mR
0.05 27.21/50.23/61.95 25.31/55.49/75.00 49.19
0.15 29.87/49.56/62.39 23.98/57.35/74.03 49.53
0.25 25.66/51.78/62.61 24.29/57.30/75.49 49.52
0.35 27.43/50.23/61.51 24.60/56.46/76.20 49.40
0.45 27.43/49.78/62.17 25.31/56.64/75.18 49.41
0.55 26.55/51.55/62.17 24.38/55.27/74.47 49.06
0.65 26.11/50.23/60.84 25.00/56.99/74.65 48.97
0.75 26.33/50.45/61.95 23.01/56.90/74.20 48.80
0.85 26.33/50.45/61.51 23.80/56.11/74.20 48.73
0.95 26.11/49.56/62.17 21.55/56.46/75.35 48.53
%17 RSICD ##& %5 F & 5750 ABXT 57 bk 6 B9 SRk 1
Table 17  Sensitivity of the ratio of global and local alignment on RSICD dataset %
7 ik a Pl 4 SCA R@1/R@5/R@10 AR A R@1/R@5/R@10 mR
0 0 19.49/37.51/51.88 15.30/40.60/56.83 36.94
1 0.1 19.12/37.79/52.33 15.48/40.64/57.00 37.06
2 0.2 20.04/38.24/52.52 14.97/40.04/56.76 37.09
3 0.3 19.95/39.34/52.42 15.11/40.00/56.76 37.26
4 0.4 20.04/38.98/52.52 15.08/39.93/56.71 37.21
5 0.5 20.31/38.88/52.42 15.17/39.89/57.16 37.31
6 0.6 20.49/39.07/52.52 15.11/40.31/56.49 37.33
7 0.7 18.85/40.35/53.61 14.86/40.02/56.65 37.39
8 0.8 18.94/39.89/53.89 14.57/39.91/56.80 37.33
9 0.9 19.03/39.62/53.80 14.77/39.78/56.78 37.29
10 1 19.03/39.71/53.61 14.46/39.74/56.67 37.20
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% 18 RSITMD #iE & £ B FEBXT 57 bk 6 B SR

Table 18 Sensitivity of the ratio of global and local alignment on RSITMD dataset %

WS a P45 A R@1/R@5/R@10 AL F R@1/R@5/R@10 mR
0 28.10/50.66/61.95 22.08/56.37/73.50 48.78
1 0.1 28.54/49.56/62.61 22.79/55.97/73.50 48.83
2 0.2 28.54/49.34/63.94 22.83/55.93/73.36 48.99
3 0.3 27.88/50.66/62.39 23.98/56.55/73.98 49.24
4 0.4 28.54/50.22/61.95 24.07/57.30/74.16 49.37
5 0.5 29.87/49.56/62.39 23.98/57.35/74.03 49.53
6 0.6 29.87/49.78/62.17 23.94/56.99/74.12 49.48
7 0.7 29.20/50.44/61.50 24.16/57.35/74.16 49.47
8 0.8 28.54/50.00/61.28 24.20/57.52/73.72 49.21
9 0.9 28.32/49.78/63.72 22.57/55.97/73.41 48.96
10 1 28.10/50.88/62.39 22.43/55.84/73.54 48.86

XF Ay Ao Ag Ay BYBBUBME J3 BTS2 56 . AE IR B Bt L A SORE 4 Jmy Xof 55458 2% Jmy 3 % 5 461 2 0 4 1 A A
PR IEAT INACT- 8 F AR, ] L= A, Lre + Ao Lire + A Lywn T ALy, FH1 A A0 AR,
SR TV A A O R B B . % 5~12 0] LIFS 3, £ RSICD M RSITMD $dls 4 F, 242, =
LA, =1,A=10fA,=058 mRAMEH THRAKE, RIETAHELEPRELNL=11,=11=
1.0f04, = 0.5 & Hit:,

Xof A At A ) o E L 491 (0 B BT SIS o R A ASE T e SRR R 1) B A A ) X IR RN S
A AT 4 BEWOT H AR B R NS, AT A 2] A R AR IE RO o R 3R 13~16 7] UAH 3], Y & R 565 1L
1124 0.75, SCAHERS Lo 45 49 0.15 B, mR 35 8] 1 e KAH , W] USRS IE A SCSE 00 B & 1A B . [6] ol LUR
B, Y R #E A L ) 38 B BOR 1Y 0.95 B, 45 R AR A BE S K, mR AU B AR AE T B 1.33% (RSICD) 5
0.79% (RSITMD) , 7£ SCAS HE A% HE AR (14 25 58 1Al T DU 30 2RI A0 45 21, 330 A 14 552 56 25 L 10 A 0 v 1)
Lo I A 2 B BURMGRR AR 3 22 5 00 B A HE i) A 55 v EL A o ik
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A LEA TE a=0 B i) mR Lk a=1 B 19 mRAK , 3 35 W] 4 Jay AH ARLBE 76 K R v e 31 7 SC B A 1R T T JR)
FIAEARLRE R 3 T Rb sE B VR T o TR B S A5 R R B BB Y R IXS T o MY BEFR R AT 1Y L AE o 1Y Y8 AR
A PR R A R R I 2l 1 ) O vk LA R B R
3.4 AL E®

AR HEAT B A T AL S 560 R R R AR SO I A R o B 1A SR R T ARG R A A5 R 2 4
0 AR SR R 5 TR PR S 22 ) B Ja) 305 AR ARLE 43 BCHE AT T Ak , 3R W] J) 38 % 55 1 o i 14

(D) K ma BT AL, B 2 Bon T 055 AR R a5 A 46 BHR A i) SCAR (Z2) R SeAR#E i R () -
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1. A large building with several cars and It is a squared center which has grey roof with many parking cars
green trees is near a beach surroundingit

2. A large t shaped swimming pool and a
white building are on the beach

3. A large t shaped swimming pool and a
white building are on the beach

4. A cuteswimming pool canbe seen in this
resort surrounded by sand

5. Several buildings with three swimming
pool are in a resort near an ocean

1. A red church is near some cars and

several other red buildings

2. A cyan church near several green trees

and cars is surrounded by red building

3. we can see rows of cars parked along the
street around red roof buildings among which
is a church

4. We can see rows of cars: parked along the
street around red roof buildings among which
is a church

5. This ia a majestic church with red roofs
and a courtyard inside it

1. A rectangular center building is near
some green trees

2. Several buildings and green trees are
around a cyan center building

3. A quadrangle striped blue green building
is surrounded by rows of trees lawns roads
and other buildings

4. A quadrangle striped blue green building
is surrounded by rows of trees lawns roads
and other buiidings

5. Many trees and lawns are planted near the

buildin;
: (a) RSICD¥HEAR I PGB SCA (Z2) P SCA BN EUR (N R P IR Z5 581
(a) Visualization results on RSICD dataset (image-to-text(left), text-to-image(right))

LESS& XA

1. The roof of the church is cardboard and
colored with brown and orange

2. The roof of the church is corrugated
brown and orange

3. There are three cars near the church
surrounded by other buildings

4. The roof of the church is brown and
orange waves

5. There are cars in the courtyard of churches
with black and white or brick red roofs

On one side of the snow capped mountain it is plant covered while on
theotherside it 1sbare

. e ey

The big place 1nc1udes five baseball fields

1. Dense trees surround this house and its pool
2. Dense trees surround this house and its pools
3. A building surrounded by a grey roof is close
to a dense tree

4. Dense trees surround this house and its
Swimming pool

5. There are many green trees and grass

around a building witha swimming pool

1. There are some buildings and football

fields in the school

2. Some buildings and football fields are in the
school

3. Some buildings of aschool and football fields
4. Some buildings of a school and football fields
5. Somet buildings and a school football field

(b) RSITMD#i#a4E b R B SCA (Z0) FISCA B R () I T A4 L 25 R
(b) Visualization results on RSITMD dataset (image-to-text(left), text-to-image(right))
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Fig.2 Visualization of the top 5 image-to-text and text-to-image retrieval results on RSICD and RSITMD datasets
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There is a wide river below the bridge

id pond surrounded by ye!low land with sparse tr

- I < = ~
i
1

Many buildings and many green trees are in .a school with a football field and ten tennis courts

(a) RSICD%&E%LE%XT??*HUE%}B‘J‘HM:
(a) Visualization of local alignment similarity score on RSICD dataset
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(b) Visualization of local alignment similarity score on RSITMD dataset
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Fig.3 Visualization of local alignment similarity score on RSICD and RSITMD datasets
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Global and Local Alignment with Phrase Augmentation for Remote Sensing

Image-Text Retrieval

JIN Kaiyu, HU Xiao, XIE Hong, LIAN Defu’

(Laboratory of Cognitive Intelligence (School of Computer Science and Technology, University of Science and Technology of

China), Hefei 230088, China)

Abstract: Remote sensing image-text retrieval has received increasing attention in recent years. Most
existing methods rely on aligning global features between images and texts to perform retrieval, with a
strong focus on feature extraction and fusion. However, they typically overlook the alignment between fine-
grained object regions in images and semantic phrases in texts (i.e., local alignment). This limitation is
particularly problematic in remote sensing, where intra-modality samples often exhibit high visual
similarity, confusing global alignment. To address this, we propose GLAPA (Global and local alignment
with phrase augmentation) , a novel framework that complements global alignment with fine-grained local
alignment. Specifically, GLAPA extracts conceptual phrases from textual descriptions and dynamically
aligns them with relevant image patches, enhancing the model’ s ability to capture detailed cross-modal
semantics. In addition, we incorporate masked modeling to strengthen intra-modal feature learning, further
improving retrieval performance. Extensive experiments on the RSICD and RSITMD datasets—overing
ablation studies, hyperparameter analysis, and visualization—demonstrate that GLAPA significantly
outperforms state-of-the-art methods. Visualization results also confirm the effectiveness of our local
alignment strategy.

Highlights :

1. A phrase-enhanced global and local alighment framework is proposed for remote sensing image-text
retrieval.

2. Dynamic phrase-region alignment improves fine-grained cross-modal matching.

3. Masked vision and language modeling enhance intra-modal representation learning.

4. State-of-the-art performance is achieved on RSICD and RSITMD datasets.

Key words: image-text retrieval; remote sensing; feature alignment; local alignment; phrase augmentation
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