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Abstract: Vision language model (VLM) currently plays a fundamental role in the research field located at the fusion of
computer vision and natural language processing, demonstrating its application potential in various downstream vision
tasks. With the continuous development of remote sensing data acquisition and processing technologies, the substantial
amount of accumulated remote sensing images offers a solid data support for downstream remote sensing task. Remote sens-
ing information extraction, fusion, and intelligent interpretation are crucial in various fields, such as high-resolution earth
observation, land resources and energy exploration, environmental investigation, and military reconnaissance. Impera-

tively, using the generalization, versatility, and high-precision advantages of Al models can elevate the intelligence and
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automation level of remote sensing image interpretation. However, the performance of the state-of-the-art VLMs is highly
related to its expanded billions or even trillions training parameters, the conventional pretraining and full fine-tuning from
scratch paradigm become untenable due to its excessive computational costs and high storage requirements. As a cost-
effective tuning method, the recent emergence of new paradigms based on parameter-efficient fine-tuning (PEFT) offers a
practical solution through the adaptation of large VLM models to specialized domain or task without introducing additional
parameters. A meaningful research direction focuses on reducing the cost of fine-tuning the foundational models for down-
stream remote sensing tasks while still maintaining excellent performance. The constructed interpretation models should
possess efficient training and downstream task adaptation capabilities under low-resource conditions to address the increas-
ingly refined application demands and reduce the computational burden of full-parameter fine-tuning. Existing reviews
mainly concentrate on the basic large vision-language models in remote sensing and provide limited attention on the
parameter-efficient fine-tuning of remote sensing pre-trained models, thereby neglecting the systematic summary of the cor-
responding mainstream methods. With the rapid development of intelligent interpretation models for remote sensing
images, systematically elaborating and analyzing parameter-efficient fine-tuning methods for remote sensing image interpre-
tation is of considerable importance to fully leverage the dominant advantages of remote sensing large models, lower the bar-
rier for applying remote sensing large models, and promote low-cost training, low-latency inference, and lightweight
deployment applications of large models. Aiming to mitigate this gap, this survey systematically analyzes and reveals the
potential of PEFT in remote sensing image interpretation to surpass the performance of full fine-tuning through minimal
parameter modifications. First, the formal definition of PEFT is introduced, and its mainstream algorithms are explored.
Prompt tuning, adapter tuning, and low-rank adaption tuning are the most prevalently used PEFT methods in the field of
visual domain. Therefore, this survey divides existing methods into three categories and meticulously analyzes the advance-
ments in their applications. Furthermore, this survey discusses some basic theoretical knowledge on influential large pre-
trained vision and vision-language models. The survey also analyzes and summarizes the challenges of remote sensing down-
stream applications in terms of parameter-efficient fine-tuning methods from the perspective of dense prediction tasks, fea-
ture utilization, and training efficiency. A comprehensive investigation of relevant PEFT methods for diverse interpretation
tasks, such as scene recognition, object classification, semantic segmentation, change detection, and object detection, is
then provided. The contribution of each method, as well as the connections, similarities and differences among various
methods on each downstream task, are comprehensively summarized and analyzed. Furthermore, existing remote sensing
datasets suitable for each downstream task are collected and organized. All the datasets are provided with detailed informa-
tion such as category number, data quantity, image size, and corresponding reference. Particularly, the prevailing evalua-
tion criterion for each task is also provided for fair comparison. The collection, organization, and analysis of experimental
results are performed considering datasets such as UC-Merced, AID, NWPU-RESISC45, UCAS-AOD, FAIRIM,
LoveDA, and LEVIR-CD. Experimental results on several typical remote sensing datasets validate the superior perfor-
mance of PEFT methods compared to full fine-tuning methods in terms of training parameters and memory cost. Building
upon an extensive survey of the current state-of-the-art PEFT methods in remote sensing field, the related challenges are
also discussed, and development trends are suggested for further research. Future research should include the following:
1) PEFT methods for generative tasks and multimodal data: PEFT techniques are conducive to empowering downstream
applications of remote sensing generative foundation models that integrate multimodal content such as text, image, audio,
and video. Exploring the application of PEFT methods in generative tasks within the multimodal remote sensing domain
holds notable potential. 2) Research on the interpretability of PEFT methods: aiming to enhance the decision-making and
cognitive capabilities of remote sensing large models, integrating prior information or multisource knowledge is necessary to
guide the models. The robustness and trustworthiness of models can be largely improved by revealing the internal mecha-
nisms of how models process multimodal information. 3) Research on the deployment and application of PEFT methods :
designing large-scale foundational model architectures for efficient computation, combined with breakthrough in technolo-
gies such as model pruning, quantization, and inference acceleration, can help ultimately achieve low-cost training, low
memory consumption, efficient real-time inference, and lightweight deployment applications for remote sensing large models.

The authors hope that this survey can help establish a methodological framework for benchmarking PEFT algorithms in remote
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sensing image interpretation, providing researchers in this field with detailed and valuable perceptions for further investigation.

Key words: vision-language large model; parameter-efficient fine-tuning (PEFT) ; remote sensing image interpretation ;

prompt; adapter; low rank adaptation
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SRy 8 BN FH T 18 R AR Y AT 55 I e B AR
YL Tk AR S F B OCTE A 7 Gl ] 2k o T 1
(ST ERTINA T € E eV N~y b N 11K DO N = e 1K 95
(49328 PEFT J5 ikl AT TR id
12,1 4&sidii

BET 57 (R B e ) FH T (s R Y i P 110
T AR F AT S . AR s 4R
AN 7 v S AR T A 55 A S SR T
GRAHE L 2, 0 A6 iy AR A T 60 LATR AR R AR
AT G R AT 55 R 0 Y , R AT T BR800 A A At
BREGHIRIEAE . P F 53 N R s T AR, Hi
HWFRA B HE R, HR ZUORE T A TR BT
5 Fahikit . MR R RRAE 1] 5 1 A A
5T 280U ), B B 08 UFE B HRETEE
g2s [N S 5L (Xing % ,2024) o b3 ) i
AP FES a5 w2 ) e ] eom oy

X0 =[5(]”,---,s%f,xﬂ”,---,x%f] (1)

K, X FRIRE VRS SR R 5 0% 1 e 41, A
FEIRFR R tokens!” FE AR5 A tokenx!

Lester 55 A (2021) £ H $2 7 18] S0 75 125 (prompt

215



216

PEERBEF ik

JOURNAL OF IMAGE AND GRAPHICS

Vol. 31,No. 1,Jan. 2026

tuning) , [SCFAE TN 2455 2 gy N\ 1) 0 A ) 2t i DR 422 3%
g2 ) fysk i P e RV LUE B F WL S . FEE AR
RUZE G0, 1% 07 2 W S 4001 48 T 3 v (Su 58
2022) . LiFl Liang(2021) 2 tH 3% F B =X i it o7
2, BVAT B A prefix-tuning , 7 T I 254 BY (1) A —
£ 31 E 712 (multi-head attention, MHA ) H 44 1%
22 H 5455 A OC Y M U R] o T 28, 15 A 8 0 ok
UK Hi 287 4 D42 B A A A2 1) 1, 3 P 3
AL BT A B2 BTG . X TR Ol ik 5
Y2k ad B v OR R O R B S BN A AU AR
5511 prefix.  ELAACHE 4 2 P4 28 Bl AL ) 45 A 1) ir 4%
JiBE P, € R™VRI P, e R™E TR A TS T
PREE , 7538 38 3 > 0 PR A8 415 21 A5 98] Query , # Key
FIME Value Y HUE .

T EEM AL P55 T BRI AT e, 1T
R P AT AR AR IS PR A O ) i R
il 3

2 /R T $E7R iR (prompt tuning, Pro-T) Fll
B 2R A s (prefix—tuning , Pre-T) Wi & 0 7~ 2 A, i
AR &8 T B R O O VA I —F, AR R
555 A0 iR ST R R B IR AL, IR A 76 AT
5 bk n] 2 ) sk, l AR S A S ik AR R
Pro-T #H tt Pre-T IR I S B /D

A5 B 7 350 57925 (visual prompt tuning, VPT)
i 33 7E Transformer 5T AJZ 505 521051 AAT PREL
A ATYIZSERNRE R, 51 5 W0 SRl se LR T T
IR WAL S (Jia %5 ,2022) . %382 VPT iz H T
WAT S5 B = 1R SCORERYE | elok b B2 TR T
¥ (Yoo 55,2023 ) 75 A [ /2 14 7 B 12 =2 18] 945 o 34
FERAZ TR A TAEN E T 5
Ky E MR R o Nie 58 A (2024) 1% 11 TR %R
TN DL S8 B F)I 2 B 7R R 2 7 vk . Wang 58 A
(2024a) [n] FYI ZrAR AL 19 15 43 S0l s i w1 B 2 DA
AL EHE R o Zhu B N (2023) 42 H B9 s 2
P IR 5 7 1k [R5 Ks RGB Al Bh AL 2 G AE S
AN SR e FH G St AR H A 38 DA B AR I 1
JenbRic. MLaE AT iR (visual query-tuning, VQT)
(Tu 55 ,2023) (0K 7 58 He 55 A5 HY 1) v ] £ 1) R AIE
AT H BN ] AR IE R R A
Transformer B 7 H1 25 J2 19 Query RAE . A 2L H =4L
FR AL 1 78 SR 5 (Han 25,2023 ) DU 76 R 5E B 7
B EE Key F1{E Value Y295, 7€ Transformer H1

TR IR R AR 3 b g | AR AT 2 ) R
EEER . TSR T IR AE e R BR 1 | Zang 55
A (2022) £ G2 —H s S0 7 i, U EE A AR RS
PRSI RE 17 -1

Hir
i . T ”
T s PN
% AR il
Transformer Zwfid & f O ( *5 O
: Transformer 4Wh% 5
Transformer 4% &% t i
A ( )}
Transft iz
rans ormTer A Transformer 4wi% &5
| t P A
CRIATARAFINEES -
f I
TR HBIN HIZAFAP RN o) i
(OF NS (b) HIZE AT

K2 SRRk ST MRk R B (Xing 55, 2024)
Fig.2  Schematic diagram of prompt tuning method and prefix-
tuning method (Xing et al. , 2024) ((a) prompt tuning;

(b) prefix-tuning)

1.2.2 J&EAC AR

i i 7% (adapter) V4 PEFT fl—Fh R A
i 3o 7] 2 T Transformer Y T ZRAEAY s finm] 27 2
B X2 A | B Be #s DAGE B R WETE 45 (Houlsby 45,
2019) . i FC i 1 32 2R AURTE O URES ) S 2
RIS ABAN AT 2R 28, AT T AT 55 I G
PRI TIC 245 10 S 800 JO T % B SR S 80 T R A
R IS8 OO R A AT 55 RHAR Y 2% 2T O HL ik 5 O XE
PRI

Bl 3R T il f -5 B 2R AU w5 1 =X LA
KB FC AR N A5 . 8 H Adapter FBLH A4
AL E R ETZ NG , B Adapter BEHUALEE G4~ A 5t
Mg (] T AT EAsE) D aARLE R — ik 22
HEH: . A58 Adapter R H A7 B0 T SRAE— LR AR
BGs M A HAGE R R T R FE— 4 —
FORAESE K . T R AR B R S SR, B
U BT Adapter BEEHRA TR, B RRFAIR T 58 T 25K .

Pl 4 DT HRiR A 1Y £ B RS 17 T 25 73
YIGRBERIIE [E AR Ay 2 i 4(b) s Uy =X
1 P (Houlsby 45,2019 ) i 2 7F Transformer 15 8
AP 52 5 JUE B & 2k 5] A BN AT I 252
B ARALLE A H R B AR MR 2 )G .



$£31%5/F£18 /2026 £1 A

BREFH, %, KRR, BRI
H EE B E G AF N S B ARAm R LR

3

00O

R
[00 000

________________

g g g g g S

E3  IERCA LSR8 2 B (Houlsby 5F,2019)
Fig. 3 Schematic diagram of the adapter structure

(Houlsby et al. , 2019)

FR =8 Bl s (Lin 55, 2020) £ AT AR AL BE 2 5
i FL A% o — D4R S AR . B BUIE B A8 (Chen
25 2024¢) EE T TN AR FRIMEE 01 il 2SR, (Y
B X BE T 45 1) T (B RRE A 7 B o

AN T 09 =X e 2%, a0 18 4 (o) B s i IR 472X

e MR —k

G AL AT (He 55 ,2022a) $ HY 3d FC & 314700 X 26 4544
WO A TEREZ2 SIE R 7R Z B F T8 . X KIE
P A% 07 12 5 25 M SE ) B B (Zha 55, 2021) F11
KronA ifi it #% (Edalati 5% , 2022) [ #2501, 38 i 25 i
AR BRGNS ) J2 AT 2 8OO0 43 45
L RE AT 24T 55 2% ) (Wang %5, 2022a; Chronopou-
lou 4§ , 2023) o Chen 4§ A (2022a) $2 1 # ViT-
Adapter P 05 78 i 7% (vision Transformer, ViT) VE
R AHE SR 1Y 11 T 46 3 2ok IR AT 4 AGE TiC R B 5 |
A5 A UG AR OG0 I 94 g &, 42 THEBSTE T AT
% I WP BE . AdaptFormer (Chen 45 , 2022b)
AdaptMLP {8 % Transformer 25 #4) /1 (Y £ J2 [ 5 A5
e ALHE A AT YRS, 73 SRl Y 5oy 3, AR E
555 A0 PH 47 3 T6C s 45 4 2 ~J 103 B P HLAICR
Bhf.

iR A X 1E B 2% (adapter fusion) (Pfeiffer 55 |
2021) 7R AN 51— B R E R EZ MEF B
TG A2, SIS AT 55 00 RS S T Ak
T REAR A 20 72 B A AN [T 55 60 7 114 36k P 4
PCA AR A R 1 RMEPE 50 AN AT 55 [a) -+
PRI GRATRE )R BN b il TR Sl S
R BN S TR A B

e ARNAR—{L

f—( @ Erz)
)

CEE

% sEmnE | # pERIE % paEEE

1 1

(a) Transformer %544 (b) M5 OE A 2%

(o) FATAEACE

(d) 5 Rl &

El4 EECASEY LS R (Feng 55,2024 )

Fig. 4 Several variants of the adapter structure (Feng et al. , 2024)

((a) original transformer block ; (b) sequential adapter; (c) parallel adapter; (d) mixed adapter)

1.2.3 %k A & R

X% A & I (low-rank adaptation, LoRA) (Hu %,
2021) & ZH0E RO v B DL B S EUEEOR @
PR MR BRI S8, th TAEE RN S EL A
S I BEAE IR | R %) SR AR BB 2 A RO

WFFE N B3NSR TN LA B A EE v (1) S 800 P
Bk (Li %5 ,2018a) , A 38 i3 PR il 0 54 44 1 LA /> 2 8K
T, B 2 R rp 5 BT B ) S

LoRA # H &1 7 3 35 07 455 e v J5E 4 A3 o 46
AR R J3 Mt , 380 ok 451 R AR R A A R B IR B i iy

217



218

PEERBEF ik

JOURNAL OF IMAGE AND GRAPHICS

Vol. 31,No. 1,Jan. 2026

R, TRD e 38 S T % 1 e A AR5 R A e
AR o X T I SRR B (A B AE W, e R,
LoRAfiHMIERR 2 AW = W, W, o W, e R,
W, e R r<min(d, k).

15 (a) 2k T A 28 1 ) 52 3 S v 5] ARG
HAE R S5 o WS () IR, DI GRS IR - fid
S P B A AT 5 R, 4 B K LoRA AL 5 Ji
WA A & 9F . T LoRA S 5 , n] 2% 2 N 4%
BRI d x kN rx(d+ k). WMEASD) R, il T
LoR A Il T T34 2 BN E 9 £ 1) FVE R I, =22
T ViT & T M 28 30, 78 3 F1 R AR A (Kirillov 55
2023) Ay BB (Ho 45, 2020) S5 A5 B i FH )92 o

LongLoRA (Chen %, 2024d) 4 H} 7 % e (1) #% 37
i i 1 B ML, B A 32 8 i 0T 4 U1 st ]
GLoRA (Chavan %5 ,2023) 5| A [ ¥ AL sh 59 & It
B AR A2 EL A, B S P R h A5 21 K
g T . B N KBk B 1E N AdaLoRA (Zhang 55
2023b) HR A FE BPE AR B AN AR R Sl A LS AL, A
FH A3 S8 2 f AR OB 6 B 6476008 . DyLoRA (Li

G

@ EeEH &
® FILE R ToRE
jﬁv\mi—l
Cwg |\ & WeRr
] , o
% r
W,eR““| [ @y W, eR>k \ 6
!
_
§ Oy

(a) Ak F & £ R 2

LoRA

LoRA
LoRA

45,2020b) YN 25 HAT AN AR Y LoR A #5E8 LARE AR I
SR SA . BRILZ A1, 25T L i il i anhn
W R HTIT L (Yang 25 , 2024a) B H A 57501 (01 4556 s
(Hayou % , 2024; Huang %5 , 2024) %5 Z F 7 : $2 7+
LoRA MYPERE . Liu%5 A (2024 ) 18 12 K5 46 B AL F 4 fi
SR INFIT ) KA A EE A3 ARk B 35 N 57

F1MEE T 3R W PEFT 7B e 5 AR 36
PESCHR . BEERTE , P2 SR R 05 T A o ik L (2
T LR YRR B AT 55 A E B A o R ik B 5 T
PIR , (FUA] REAT A F P RS SIE [V 50 R RK 11 305 17 e 2 1k
e (HAC LR EAR IR &

B R 3 R EWM A TN BHEERET
PEFT 5% i 25 A 4L A USSR ORISR , (46 T sh 4l
B 2800 Hh 4 A AR R A AL I 9 38 B 28 1 (Yin 45
2023) B EE Bt (Karimi 6, 2021) , UK A sl A28
S ELE VPT  LoRA Fil Adapter 55 0 Jy 125 1 #if 22
JCHE /R K (Zhang %, 2022) | H 3 Bl & 48 & )5 %
(Zhou %, 2024 ) FT LA T4 ML 336 AS W) (3l 7 =X A
G —ZHE UMM (Mao 55 ,2022) 45

G IIN T N
Transformerit A
Ze1E2 &2 Z61E)2 | \LoRA
fE ik i) | /LoRA
Transformerk ‘ —
212 &2 ?5%’@‘}% LoRA
{IE L5 2rify

!

(b) LoRA Z5#J7E Transformer HH)W FH 7770

(R 39 S BRANA T S RPN =N DS SN i S

Fig. 5 Schematic diagram of low-rank adaptation fine-tuning method and its application

((a) low-rank adaptation structure; (b) application paradigm of LoRA structure in Transformer )
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Table1 Comparison and summary of typical parameter-efficient fine-tuning methods

ey RFMETr ot B W= B A
Prefix-tuning (Li # Liang ,2021) ;
) o IRIEREME S s MR TS T
. P-Tuning v2(Liu%,2022); PR ERGER R Bt witea T TR
gy VPTUiR%.2022); GateVPT(Yoo 5.2003) S 0libm HOURIER SEaTpER, TR T
. ; . . AU AR DT RS AR
VQT(Tu%,2023) ; E2VPT(Han 25,2023 ) 5 : \ .
QTS 2003 EVPTHn 5200905 e mnfedmif.  fLimis. e
UPT(Zang %,2022)
Sequential Adapter(Houlsby %,2019) ;
Residual Adapter(Lin %5,2020) ; TEE I AT B
i Conv-Adapter(Chen 5, 20240 ; FBISBORNREIT  ERte, S (e
i _ ) I FAGHIRENERES . B RIEER M, o BT
i VIT Adapter( Chen 37, 2022a) (BRI SRORE . Sk, “}2‘% v
AdaptFormer(Chen %8, 2022b) ; ’
Adapter Fusion ( Pfeiffer Z5%,2021)
LoRA (Hu%,2021); LongLoRA (Chen 4§, 2024d); N
(RS . BEXF A R I e 5 R R T
i GLoRA(Chavan,2023); BERARFEETIRROMR, % e IELBRIOM 2 Rt
BEB AdaLoRA(Zhang.2023b): DyLoRA(Li%,  MMESHMIURINE "0 b, ™ AR
i PRI 4 :

2020b) ;Mona (Yin%,2024) ; FLoRA (Si %% ,2025)

AR A A3k TEAN ]Sk BEAT ST TR 3T
B PR R T DRI B 0 2 ) A ) T
SRR S 2% bR SRR AL RE S A S £
B N R ) R AR O OC &R, Dosovitskiy 4F A
(2021) 38 AL T A ZE AL A ILAE Transformer 15
A, 5] APSE Transformer DA 58 B MG RUBITE 55 . H
B UK 53 R /B, 518 FH Transformer A [ 1 55 )
PLH R4 5 R S0 8 o ViT 7 ImageNet 73 24T
% LRI A, NI A5 | AT Transformer (1) £,
A (Wang 55 ,2023) o ViT fY SCHELPF 54D T A
JZ A B 58S | Transformer 2 A% % DL K 43 253k o
Transformer "1 [ F 1 2 LI AV R Am 10 G B
A HAbARL A B T Mg )R BT UFER.
HRER TR 0N

Attention(Q, K,V) = sofimax(

W (2)

Jd,
X, QK. VRN AR, d, 327R Hlm) 4EE
softmax 32 7R WG PRAL . W3 Transformer 75 L5
KB4 B8 AN 42 Jry B 2 BE 7, 763 T - b 7 5
5326 SR DL R % 3 BT A 1 R PRAT: 55 vh
PR E R A AT (Scheibenreif 55 ,2022) .

2.2 CLIPREZHK

XL B S T YIl 2k A Y (contrastive language
image pre-training, CLIP) (Radford %5 , 2021) {E & —
o S LTI AT 280 BRI R AY , IR B 1 e A ) 2%
FNSCAS it 2% 2 2 L0 27 3 o L 3 P SCERAE S
PR T PAARZS X 55 A [a) 8L, JEL A AR 5 1) 8 R P 2
fbfeJr. B 6 /R T CLIP IR 4547 B R, i
W R T T HIAE O $E 78], B 40 A photo of a [ 17AY
B A AR AR

CLIP By %7 S S AR a0+ 1) 38 o 50 I 2 %) L A5
B 8 SOASTI G R A I 2 Bt i o B2 SRR 1) £
T8 2G2S ] Ph B8 SCA R A GURF U AR ARLEE fiff
5 2J B AR R B SCRFIE 5 2) 38 2 b5 28 SCAS e 7 85 4
OYZEAS RS IR IV 4 4 AR A DA SCAS G i 1) i
BT 2 H A photo of a [ 1753) X R0 2 &%
HEAT Gt , AR R ] R SOAS [ £ 1 PR, AR AT
3 SE R RGNS 2 5]

TEINZR CLIP AR, XoF L FUI 27 %o 55 18] SORt
B E AR . X THRERO/IN R N BRSO T
PG AR 1 N> AN R SCASRT , 38 38 N AT IE 14 KR SC
AN R IEREARRE 45 N? = NASAR VG L ) BRSO
Xt A GUREA o IR R FH InfoNCE #5122 MR 4L (He

219



220

PEERBEF ik

JOURNAL OF IMAGE AND GRAPHICS

Vol. 31,No. 1,Jan. 2026

A5,2020) X 28 FEATOUAL , AR R PRECRT 215K

D(I.T,)
L= lNl o T ) (3)
B NZOg N D(ILT)

zexp(f)

j=1

() T 1 ik 2 T B A A L B
Yo 1R T4 B35 1/ B R 1S AR O A
Bt exp F R R BB 2 T A0 A 2 L
ey e
A photo of [CLS]
VIV vCsi-| e

AT | R
H ps -
v ; e

l i Il : B I T |IT,| ... |IT, :

A e ek

% BSEAIGES |+ | o]~ TPk

/ WaE ’
6 CLIPAIARIZE Y (Radford 55 ,2021)

Fig. 6 CLIP model structure (Radford et al. , 2021 )
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Fig. 7 Schematic diagram of segment anything model (SAM)
(Kirillov et al. , 2023)
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Fig. 8 Model structure of SAM with adapter and LoRA modules
((a) SAM structure with adapter module ; (b) SAM structure with LoRA module )
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Table 2 Summary of typical parameter-efficient fine-tuning methods toward scene recognition
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Table 3 Summary of typical parameter-efficient fine-tuning methods toward semantic segmentation
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it 2% , T 243 EIHE LR MC-SAM Seg i i 85 SAM-
Mona 4 i i A BCRRAE 3R A 4 SR B R FRAE . A
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B i B HE A B BRI R AR B B BE . 3% VIT-
Adapter Jii &, 72565 1 By Be R FH 22 RS 38 e #4510
ViT & T W45 11 25 B AR I 2 5 7658 2 B BER I
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{1 FH UperNet 3k 2 e SAM HEAT ff i 25 0047 22 R 4
TER G IR o FI R, — AR LT PR R i A
FEAIRIA R

AT D REARIE SCoE 5 B N T2
SEAGT AT 5 528 PN 22 5 KRR S ) 1 i e DA
T 2 0 3 300 A 5 1) B, Wang 25 A (2024¢) 42 H
T U REAE L4 H) GFS-Seg 1Y Al =X T 5t —15



226

PEERBEF ik

JOURNAL OF IMAGE AND GRAPHICS

Vol. 31,No. 1,Jan. 2026
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B¢ LoRA 5| A SAM 4t #% A Y Transformer 551k
HEFT AL, e $E T HER 1 2 )R 15 D Rl A R T -

Ti 2R G55 N (2024) 4 2k T 1) 22§ 7R SAM
(temporal difference prompted SAM , TDPS) [ i &% [¥]
BRI 7 v, BRI S FE S &% Transformer )2
1 H TR Q. K, VMBS E T H] A LoRA
PR o U, b Bt 7 IR 28 S R R AR i, T8 A
XU AH EHR BRI 22 5 5 12 ) B Ar i) i AL R
b, 15 21 SAM B AU fift b 2 FIr s S /s [ o B X KA
R GIRZ IS BB AAT I [P, Wang 55 A
(2024b) i 42 tF 3 F EfficientSAM 1y 55 WM& A5 Ak K
755 ESAM-CD 15 56 , A4 1 AR b &5 Dby 58
B AR B o JERER LA i i o 1 22 R 0
K, R 53 2 N CAM (class activation map)?ﬂ%
FHORS B BRI S . 336 LUSUR AR EHZ R £

PREEAE A N 25 A K LoRA % A EfficientSAM 145
Transformer |2 T AT . A AT TDPS B2, R
b EfficientSAM X 42 78 B, 1205 2 42 2
T A FRUZ 09 T4 7 it B 28 0000 A8 AL BT o AR
Chen % A\ (2024b) % JH LoRA U W 4% 38 25 5] |
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B 7 bR AR F S 6 SAM AU HE AT 8 AL
TR AN, FE AR A TN AT 55 v o 5 1 0k B4 X SAML i
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Table 4 Comparison and summary of typical parameter-efficient fine-tuning methods toward change detection
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Table 5 Summary of typical parameter-efficient fine-tuning methods toward object detection
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KR LA T B i PR RE , U2k BT A IR
NS R 224 x 2244538, UCM 4% 8 82 2 3 70 YIl 45
AR A , NWPU-RESISC4S 4 i 2: 8 ] 4%, AID %
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Table 6 Summary of commonly used remote sensing image interpretation datasets

AT 55 Bl te Ko g Fh BURHR /R SCHiR
NWPU-RESISC45 256 x 256 45 31500 Cheng % A\ (2017)
UC-Merced 256 X 256 21 2100 Yang fll Newsam (2010)
AID 600 x 600 30 10 000 Xia % A (2017)
FGSC-23 - 23 4052 Zhang %8 A (2020)
57519Vl FGSCR-42 50 %50 ~ 1500% 1500 42 9320 Di % A(2021)
EuroSAT 64 x 64 10 27 000 Helber % A (2019)
PatternNet 256 X 256 38 30 400 Li% A (2018a)
RSICD 224 x 224 30 10 000 Lu% A (2018)
MLRSNet 256 X 256 46 109 161 Qi %% A (2020)
HRSC2016 1024 x 1024 31 1061 Liu % A (2017)
NWPU-VHR10 533597 ~ 1728 x 1 028 10 800 Cheng % A (2014)
DOTA-v1.0 800 x 800 ~ 4 000 X 4 000 15 2 806 Xia %5 A (2018)
b DIOR/DIOR-R 800 x 800 20 23 463 Li% A (2020a) ; Cheng % A (2022)
FAIRIM 1 000~10 000 37 15 000 Sun % A (2022)
SSDD 500 x 500 1 1160 Li% A (2017)
HRSID 800 x 800 1 5604 Wei % A (2020)
UCAS-AOD 1280 % 6591372 x 941 2 2420 Zhu % A (2015)
Vaihingen/Potsdam  800~3 000.6 000 X 6000 6 33/38 Inter”?izngljn‘);ftsyei’;::‘zt;(f;“)‘metw
LoveDA 1024 x 1024 7 5987 Wang % A (2022¢)
URUR 5120% 5120 8 3008 JiFEN(2023)
DeepGlobe RE 1024 x 1024 6 6226 Demir % A (2018)
WIS WHU aerial building 512 x 5121024 x 1 024 1 8188/5640 Ji % A(2019)
LA
WHU-Mix 300 x 300,512 % 512,650 X 650 1 64 000 Wei % A (2023)
Inria 5000 x 5000 1 2 880 Maggiori % A (2017)
38-cloud 5000 x 5 000 1 826 Mohajerani il Saeedi (2019)
Sentinel-2 224 x 224 1 1966 WAL K SR (2015)
iSAID 800 x 800~4 000 x 13 000 15 2 806 Waqas 55 A (2019)
LEVIR-CD 1024 %1024 6 637 Chen A1 Shi(2020)
WHU-CD 15 354 x 32507 1 7620 Ji%EA(2019)
Second-CD 512 % 512 6 2968 Yang %5 A (2022)
ARG
Landsat-CD 416 x 416 - 2385 Yuan %5 A (2022)
S2Looking 1024 x 1024 1 5000 Shen %F A (2021
CLCD 512 %512 4 600 Yang fl Huang(2021)
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Table 7 Comparison of the performance of prompt tuning methods under different application
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Table 8 Comparison of the performance of adapter tuning methods under different interpretation task
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Table 9 Comparison of the performance of LoORA methods under different interpretation task
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Fig.9  Comparison of parameter amount among

typical PEFT methods
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Table 10 Comparison of the performance of comprehensive fine-tuning methods under multi-task application
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