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Research progress of cross-domain few-shot object detection in aerial remote
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Abstract: Cross-domain few-shot object detection (CD-FSOD) in aerial remote sensing aims to detect target objects when
the target domain contains only a few annotated instances and differs substantially from the source domain. This setting is
important for land resource investigation, disaster monitoring, traffic supervision, maritime and airport surveillance, emer-
gency response, and military reconnaissance, because many operational remote sensing systems must be deployed in new

regions, seasons, sensors, or platforms before large-scale annotation is available. Conventional object detectors usually
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assume abundant labeled data and a relatively stable training-test distribution. In contrast, aerial images are affected by
platform altitude, satellite or unmanned aerial vehicle imaging geometry, optical or synthetic aperture radar (SAR) sensing
mechanisms, spatial resolution, illumination, weather, seasonal background, geographical scene composition, and cat-
egory occurrence frequency. These factors change target scale, texture, orientation, density, and contextual appearance at
the same time. Consequently, a detector trained on a well-annotated source domain may suffer from severe classification
confusion, localization drift, false alarms, and missed detections after being transferred to a new target domain. This paper
provides a systematic survey of CD-FSOD for aerial remote sensing scenes. First, the task definition and research boundary
are clarified. CD-FSOD is distinguished from classic object detection, few-shot object detection (FSOD) , cross-domain
object detection, and general remote sensing object detection. Classic object detection emphasizes classification and local-
ization under roughly independent and identically distributed data. FSOD focuses on new-category detection with limited
examples but often assumes that the base and novel domains are close. Cross-domain object detection addresses domain
shift but usually does mot impose an extreme target-domain annotation constraint. Remote sensing object detection
describes the application scenario and its characteristic difficulties, including small objects, dense object distributions,
arbitrary orientations, and complex backgrounds. CD-FSOD couples the last two difficulties: the target domain is both data-
scarce and distributionally shifted. Second, existing methods are organized into five technical routes. Transfer and domain-
alignment methods, including domain-adaptive Faster region-based convolutional neural network (DA Faster R-CNN) ,
strong-weak distribution alignment (SWDA) , spatial attention pyramid network (SAPNet) , and adaptive teacher frame-
works, reduce the discrepancy between source and target features by image-level, feature-level, instance-level, or teacher-
student constraints. Meta-learning and metric-learning methods, including meta region-based convolutional neural network
(Meta R-CNN) , attention region proposal network (Attention-RPN) , few-shot object detection via contrastive proposal
encoding (FSCE) ,- Detect Everything with Vision Transformer (DE-ViT) , and CD-ViTO, improve the use of support
samples through episodic learning, class prototypes, relation modeling, and contrastive representation learning. Genera-
tive augmentation methods, such as hallucination-based feature synthesis, multi-perspective data augmentation (MPAD) ,
AeroGen, Control Copy-Paste, and Domain-RAG, expand the target-domain sample distribution by generating features,
foreground instances, target layouts, or domain-consistent backgrounds. Vision-language alignment methods, including
RegionCLIP, PromptDet, Grounding DINO, and rich-text cross-domain multimodal FSOD, introduce category names,
attributes, scene descriptions, and professional textual semantics to compensate for insufficient visual examples. Large-
model methods exploit visual foundation models, ‘detection transformer (DETR) variants, and multimodal large models
such as Rex-Omni to provide broader open-vocabulary recognition and stronger initial representations. Third, the paper
summarizes datasets, task protocols, and evaluation metrics. The reviewed benchmarks include multi-domain few-shot
object detection (MoFSOD) , CD-FSOD, object detection in optical remote sensing images (DIOR) , dataset for object
detection in aerial images (DOTA), xView, vehicle detection in aerial imagery (VEDAI), and the Northwestern Polytech-
nical University very-high-resolution 10-class dataset (NWPU VHR-10). Their differences involve image number, cat-
egory number, bounding-box type, scene coverage, object scale, and whether the protocol stresses a balanced K-shot
instance setting. Common metrics include precision (P), recall (R), average precision (AP), mean average precision
(mAP), AP50, AP75, mAP@50:95, novel-class mAP, and intersection over union (IoU). Instead of listing formulae for
routine metrics, this survey explains their meaning and discusses how they should be used to evaluate target-domain gener-
alization, shot sensitivity, robustness across domains, and localization quality for small dense objects. Fourth, this review
identifies several open problems. Complex domain shift should be modeled at global-scene, local-object, and category-
conditional levels rather than by a single overall feature alignment. Few-shot robustness requires support-sample quality
assessment, stable prototype learning, multi-scale representation, uncertainty estimation, and joint optimization of classifi-
cation and localization. - Current datasets and evaluation protocols remain partly disconnected from real remote sensing
applications, where categories are long-tailed, annotations are incomplete, sensors are heterogeneous, and deployment
constraints are strict. Multisource adaptation across optical, infrared, multispectral, and SAR data is still underexplored.
Foundation models and multimodal large models offer stronger semantic priors, but they also introduce high computational

cost, insufficient remote sensing domain knowledge , and limited performance on small, dense, rotated, or sensor-specific
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targets. To improve reuse and citation of the survey materials, a curated performance summary of representative algorithms
under the aerial remote sensing CD-FSOD setting is provided in the manuscript and will be maintained through the open
resource page: https://github. com/Farenweh/CD-FSOD-Links ( Github) orhttps: //gitee. com/cby1241385936/cd-fsod-links
(Gitee). Overall, CD-FSOD in aerial remote sensing is moving from isolated fine-tuning or domain-alignment strategies

toward integrated frameworks that combine domain adaptation, few-shot discrimination, data generation, vision-language

semantics, and foundation-model transfer. In terms of practical use, the paper also emphasizes that CD-FSOD should not
be evaluated only by a single accuracy score obtained under a fixed split. A more informative protocol should report the sta-
bility of each method under different shots, different target domains, different object scales, and different sensor condi-
tions, because an algorithm that performs well on one aerial dataset may fail when the dominant background, ground sam-
pling distance, or object density changes. The survey therefore recommends that future benchmark construction record the

source of domain shift explicitly and separate the effects of category novelty, image style, spatial resolution, and annotation

scarcity. Such analysis is particularly necessary for aerial remote sensing, where missed small targets and inaccurate local-
ization may be more damaging than a modest decrease in overall mAP. Future progress depends on remote-sensing-specific
gration between precise detectors and general-purpose foundation models.
large models
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pretraining resources, reliable benchmark construction, efficient adaptation for high-resolution imagery, and stronger inte-
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MR 2= 2 EEF , Wl Sh—Ti AT 8% S i —
Ti I BT B HELR . Lee %6 N (2022) 15 2 4D HEAS
H #r # M (multi-domain few-shot object detection,
MoFSOD) Bk b4 H , 7085 S B E T, ] 21l
(fine-tuning ) 4% Bf i & — MR AY 3L, Hotk R T 5
LR TR O A DR B AR T3 125, X U B
SR AR 5 G PR 2 0T # SR 0 5 1 e 2L
HEEMEH. BE, Xiong %A (2023) 7 H 4 Hi 1

5 SRS B AR A I e | gk — 2P R I, A A D
T Al H AP REAS H ARSI 7 VA AR 5 1 5t
W IR AL, FE AN URNR GOR s g, HeR T —
T LT 19 2810 0 A B4 W R 2, LAZE i H dn b
FEARAE T R PG R, RO 3R] e i
REAR s, Wl e b Ak AR BRI R A
T o A v 1 O A% A S 2 I RS S T R R D
[F)

B 55 1 BT, AR OG5 ¥ i R %y
TR AT I A5 [RLRE JE 0 X6F 5% A 8 55 Bl 74 52 T
Chen 5 A (2018) 42 HH ) DA Faster R-CNN J&i% J5' 1]
AR R M TAEZ — , F7E Faster R-CNN HE 42 (Ren
5, 2015) a3 BT X R i B AN S 10 9 A % 5 1A
oy 2 s, IR IE G — 2k R Al 5~ AN AR Y i
X IR . Saito 5 A (2019) 4 Hi 1 5 55 43 4 %) 55
(strong-weak distribution alignment, SWDA ) it —2£48
Hh L EARASIN r 8 42 J) 93 AT AN BB AT S8 AR 5
ISR FH R s X 5 42 SRy 55 68 5% B SR, LA i £ ey
T scAi 22 7 Kk i o Li % A
(2020) 4 i 1Y 25 (8] 5 4 735 P 2% (spatial attention
pyramid network , SAPNet) W A 22 RUFEFEAE ) &, F
P2 [ B e G 2 R 5 R il ik SUE B TEXT
Frad AR P SN O VE BAT A IV A DX BRI . X287
AL TS 22 B AR AR B ARSI I A RS
FFE R E LA

TG LR b, 820 BIF 58 T I g 300k 5% 5 D FEA
WAL — 28 A o Li 5 A (2022) $2 1 Y Adaptive
Teacher K AT — AR HESR , 7227 43 S 5 A
NEGRTPTXT 55, [A] B 45 4 weak-strong augmentation 5
B I HLAR , DA g s e Dl b 2 8 o O 2 ik s
Pt o 2T 1 EEAR 2 T ) E AR A {H
PRI TN 25— B AR e — 5 il — B2
JEREL b 5 Bl /D R A E A I [ BT R A S
SC,JEHGE T Tl s 2 B 5 6 L DXCIURT 5 1% TR
ar A ET PRI

SRR, BE T8 5 300 55 14 7 2% 15 4l b
FEAS B s ] o A Sy il B S8 F A — 2R BOR B 4L .
HARIAE T RS 78 53 FI B IR S 45 = | b i 25 di
FNE A G I A% B ZRAERE ), I8 3 GO X TR 5
HOM—2¢ 1R 2 o] Bt — S 29 o 55 05 3, Z2 ik
I 5 AR ] 1 3 A 22 5o XSO E S AR TS
B , 38 B 3 %Y 55 5 Faster R-CNN £ | Transformer
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(detection transformer, DETR ) J H: 25 K 45 52 3 46 0
REZRES & DT 3 5 A by B /D AR Ao 00 1Y
fili 2k .

SR, 1228 Ty ok i 4O i O 5 5 ) o
Z e RAFAE A LA WL a4 . 2 S A R
I, fA7 B GE 25 2 i Jd $UA G i i 0T 5 Tl RE I
S9EHINE R, E BT ARITH ., TEM= BR
S RS A3 ] B b I XU B AL
PRAEAE [ AR Ak, Sel i B AT B S0 52 51, AR
PR 90 Bk TE 2 8% A 0T 5 L 58 23 /s H s
I A S X RS 2 el . R, i8S
Sl 5 07k B 5 A Ay 1 0 R A BE RS R ) 2
T A S DR AR ) 2 2] B B s B X S
B A, LUSR T H AR OGRS e e
2.2 EFTREIEEEFINAE

BT oute ) 5 ) (7R RO
W DFEA AT T B PREE BCRE Sy . A BAIEA
J& HLHAMORE B AR SR AT BRI 2, T
SRR — A AR U S S IR AR AR
P S 5O R IR 4 T (G I 45 BE % DA D i AEAC
HRGH R ST AR E ISR R . SRR 5 B
XFFE 5 AR L L 3X 8 Ty 12 R A fn ey 27 2 R T2
FEA” DR HTE 25 3D AR s G i 4 7R HH A 2
T3 24 1 107 B A AR 2 A0 1 68 ) AR

FLAR R T AR R 20T 46 T2 >0 A6 T AE 42 g
I Yan 55 A (2019) 42 i} ) Meta R-CNNRE IS )
HLH 5] A Faster R-CNN, 7£ JB¢ 24t [X I, (region of
interest, Rol) R 1iF )22 [A1 1117 A1 % i 1R 52 18 47 4E 55
HEAR, 3118 1 Predictor-head Remodeling Network 7]
FHAD> 8 SCRFREAS A2 I 0 1 2 1) 2, o) A 0 Sk A 7
SR , NI TR 20 A PR BE LRE T o Fan
A5 N (2020) £ A9 T 7 DX 11 2 (attention
region proposal network, Attention-RPN) 5 £ 5¢ & i
2% (multi-relation detector) Wit — 2 W32 H5 G 5
A R 2 8] 27 > DEIE G &R, TR P AE A= iR H bR
F 53 B B [ B 3 |\ 5 2R RS, fuff 52 78 R 6% 4l /b b
SCRAEARSE IR ARG . XS5 vE N Je Se s 1>
FEA HAR R BE5E 1 A, RIa i oo 55 I 2k
S ) TR RS IR 226 AR A A T [ 2 Y
IrRASHE B3 R T T T 2] BRI AR —
JEeatit

BEE DEEA I ARR IO 5T 09 K JiE | i o > S

Faster/ Mask
R-CNN:

= FEAFE BRI T I
| S A

B3 Yan 28 A (2019) 4 Hi ) SR TE A7 > 46 I 5%
Fig. 3 The typical meta-learning detector proposed by Yan et
al. (2019)

RER R — 20 1 T B i 2 1 m] o, HC L& T 4] 4 B
o SunFE N (2021) 48 H B A REAS F AR I i 2 X
B X G 4 5 )7 ¥ (few-shot object detection via con-
trastive proposal encoding, FSCE ) i 11 f 1 [X 3 X kb
i ih 651 2% (contrastive proposal encoding loss ) 5 1k {5
1 DX I AR A 28 AR S 55 I i ] o3, DA T 22 fi
DREA AT B S WER I R IR, 3T 12 R
IR F2 A [ Sl AR AR B E T R RCR (B i
T SR ZR BN L2 TR ) R AR A 2 [ ) S8 gk, o B
Sl AR AS AR A [ A AT B S R S 2 H A
SRR AR A I A0 g A A M DL 2 ) 38 58 03 A 28031
HF i EE A A ) BEAE A BR R T B R SRR A
S HARZ [ A VEACRS E M

K4 BEiee ) R

Fig. 4 Schematic diagram of metric learning concept
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AR, BRI, RE, K&, B
=i B s B D R B e I R R

T Ak, 2 F L 38 Transformer (Vision Trans-
former, ViT) [ F£ {71 % £ (example-conditioned ) i il
Tkt — LR T X —HORBE L o Zhang 5F A
(2025) #& H4 1) DE-ViT (Detect Everything with Vision
Transformer ) AN PR 1% 48 D AR A B A5 A I b 19 52
Fe GO R, T R B 26 VAT Al i —Fh Jo 5 il
PR D AREAS E AR A I % - — T3 T E o DCIA% R AL
S H AR E AL, 53— 07 T A SRR A LR ViT

SFIEBERE B0 BE Al 2 3 4005 BN BRI S 1], DA
(DT -57:5) POF e P iNPI Y 2w fallll:i-pA P S ¥ N
Jot L AT AR S R A5 A i [ A 22 18] B J5E 28 DL g
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TE Transformer K I 7 4] — Ff ZEAH

TEBS B REA BRI 5 R, Fu 558 A (2024)
E— 24T KB, RS DE-VIT 7EAE 5D REAR B brks:
M B , (B AEAFAE W] 0 22 S i AT 2 ) B
RAERERIE . NI, HAGHE T CD-FSOD JkifE, Jf-42
i CD-VIiTO J5ik , F DE-VAT #4718 [i] 5 358 7 5 i 1
SR X AR S EURE E S SRR A H
Wb 25 53 (style ) \ZS[8] J7 2208/ (inter-class variance,
ICV) LA M 25 5 35 5 4% M (indefinable boundaries,
IB) ; fE L F: Al |, CD-VIiTO 5| A learnable instance
features . instance reweighting Fl domain prompter 25 f5
P, LIS SRR 4 ] Do A A 5T S 4 T
PE, I THA S XAR ST B 1 o AT — i
(T ) B 42 2] J5 7%, CD-ViTO Bk — k8
T DR AT C + 5 S (R AR IR AR 0 SR B,
27 A RARIER T EZ —.

SRR BT o0 2] 5 R AR 2] 7 vk E
NPT A 4R P /e AR AR Y B 4 T B
DREAR BERENGE T o T il i SRR — A i
AT 55 M3, S B TE DN GRIi B2 ] PR i 15 B 26531
SR 55 B RE T 5 B o ] Wi i S U DE TS O R At
R BN L 24 SRS i AR AL 25 [ T Y S P R Bk 5 26 )
Ao SR AU T 0T A L L 3k 2T i BN
KD REA AT A S s, i fE B
FrBAR TR A BT S REAS AT BR A1 B0 T BAT B0
1

(EIZZE I WA R R . G, Ok RETE
X SRR A T i A BURR, 2 SRR REAA A Y
FRUBERE/N 5 5T IR BARTE (i 22 6], 28550 J5T R FIAH 2L
PERAD KA, HR B 5, ey ] 3

8 b [A) R A REAS B HEES T H AR ds, H AR
Al D AR ME LA 5803 A E X R R B i B o X T
i s T RN L/ H s AR HES 5 A A
e8] S AR L) S5 ()RR e ik — AP OR BE B AR e
R, oo ) 5 A o7 ) J7 ik AR RE RS 1 i /D R AR
TG RE T, (H A 5 A T s 1l 7 5 vh R R
VERD A5t 5 08 HR3RAE S REAS i 18 | 22 RUBEE A
AESE SR B HL A AR R AR AR S 5
2.3 ETHERRBIELESY A E

SR AR REA BRI, H AR
TEREAS R A0 H 3 #0025, 725 o 5 SORS 0 4 7 Fd )
B Bt At 1005 0 30 AN LA BT O A
), BT A B G R 59 S O 0 SR
¢ S i Ao R O A S A8 P PR 9 R T
F R3] FIRRAS A B0 5 2R, DT 22 i /D RE A
Ly IR ] BB TR RIS H BRI A 1 55 RE D
SRTPIZEIT AR EE X070 F AN B O G N %
AR EA G5 ), T 2 DA B I 3 s I A5, R L
A BRI E AT A . HEE I kK S
Fi7s

T kA, AR T A 32 2 A h ey
fik 25 [A] 4§ 55 o Zhang 5 A (2021) $2 Hi 19 Hallucina-
tion Improves Few-Shot Object Detection 7£ Rol ##1IF %5
[8] #1 5] A hallucinator network , J F 4= &1 4 18 .
FHESUNZRREAS | AT 4 A5 2 A 8 1 G T 2 114
EREIE . ORISR T A E A R R
PG, T 7 B SR YRR AIE 25 () v )™ 73 26 i1 1) 3R
RS A1, DA g S B R 8 3 , A O Je 22 e aod A L
il#h R A REA W RO SR AL TR R K

BE S, WF9ETT U6 AR E 8 2E a8 20 s 1] [RTAR 2%
G A R Lin %A (2023) REEHE T 3CAL
JEBAE D AEA B ARG I b i w] e, 500t 13k
T W VE HAR$EHS copy-paste A IR , ] B 45
X HIE F — BRI 25455 (contrastive language-
image pre-training, CLIP) i J& = i R FEA , LI TG
TR X DAEA H ARG I 0 S PRAN B, HE— 2D,
Anh-Khoa Nguyen Vu 55 A (2025 ) $2 H Z2 10 A Ficdl 14
i (multi-perspective data augmentation, MPAD) , #I| Ff]
PRI AT S — R R C R MR R — 1 R R A
R AR T AR AR 5 RO " R A ) B 5 D
REAS E b A0 48 8 2 531 s S R0 AR Ak R 3 1 E
J1o FIRBFFEUEIT, Az i o O S 7R BRT i 2R
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AR

(a) SR (b)

FeFICARG| F IR A

Hil F 3458 (©)

ETRROERATTE

R (d) Bk 2 IR
Borid: Borid: Wb :
“— gk (KT B HR) R « (P EHER) 7 SRURREATR

Bl5 ST Li %5 A (2025) 8 B0 A s 1 it S5 47 58 0 i e

Fig. 5 Overview of methods based on generative data augmentation and expansion summarized from Li et al. (2025): (a) copy-

paste; (b) text-based foreground enhancement; (c¢) text-based background enhancement; (d) domain retrieval-based background

enhancement

SIS FEALIE Bl , T2 F AR s AR AR S A Ry 5
PRI SRR

TEIE A K 5, X — AR 2 ik — 20k
J#& . Tang 55 A (2025) 42 11 AeroGen T ] fify 5 1 /&
H #5460 A4 2 T layout-conditional diffusion model,
A A JRy 240 PR R B A TR I s S AL B2 T
AR A T YR I B Rk o 5 I R Lin %A
(2025) 42 Hi B9 Control Copy-Paste £ X 2 18 B/ DFE
A EBRASI , A5 B m] P FORE B 48 1357 2 531 552 461 1)
SR AT . R TR BRI ANER E AT
Xof B Sl AR A B AR I BE L (H 3R [R5 e T T
I b AXOC T 18 g e b i H AR RUEE A7 R A ik
T I 2R, DA A AR AR B 4 i 2 2 SR 55
R ELSE AT

TEES S/ FEA B bRl b, B R MR TAE
JE Li 2% N (2025) 48 H 00 30K 3 4 5k A T
(Domain-RAG) o 1% J5 ¥5 98 | T A7 3§ 38 5 w4
copy-paste B SCAS B KIS A %, AR ME LA R B Ok H
B2 TE A 1 5 8 el — bk, DR i ufE DA 4258
TR DAEA HARKLN . A1, Domain-RAG $2 1 —
Fli training-free AU A 2% 5| 41 5 ARG AE BUHESE , &
TRALAE =B B U T A R S | R AR
DL Se—H St G . BRI S 2 2 e A
PG S it R T 5 55 70 55 X, PR A R AE T SR AU

AR B AR 9 51 5, S E S H AR B —
BB 5 dE R B A RO SR R T A
A AT RS H AR AR — B R A . 1B
SCHE FR B, Domain-RAG 78 85 3 A A H AR
FE D REA BRI LA R O H AR D REAS H BRAs i
SRR S5 ¥ ReAR e ST SR AR R, 2 i A ek
BRI R P R AR MR B BT 5

SART T A B Y 0 5 9 SE N
NECHE V2 18 22 it 5 ol /A A RGN P B R A A ke
[, 5 e G A D A5 25 R AN ], 12288 vkl ik
R A S B PEIAR A 1 e B
—H A G R BB R SN R |
B H RIS AR, DA g S g4 1 B R
AIIEARAR S o HORSATE T HA B i 3a e, Ty
TR 7 DR TR e o S R A T A S
i, S S G B AR AR TR A 75 ZE R
FEINGEHE 5

Anaed, A s 5 5 ik B A O X TE T R [
I ORIEAEAS (2 1) — S50 ol — e R i vl Sk
TR A BFEA Y HAR1E AMER O FHES HbRIX
BORDERE , BEE RS ST 5 Z AR B AN R 1
SRR AN O RE$2 TP RE , S 1M AT RE [ Al 2 51 A
WA U Er . TEA S I b X — [l A
i % H AR RN (SO ES ARRRIR , T a CRL
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2.4 ETAREBESNFHAE

BT LR F SRk D AE T RIASOR
T SCVE D i B e 56, 3 5 o 57 DX I — 15 5 i A
Z TR] AR X I S AR, G I e o 2 S R Sk ) L
fRE ST o AL T ORI L SCRAREA I 71 TR

R REIE AR M A E B2 TE LS, U AR H bR
SRR AR DI A BT S RSN B AR AN A RS R
AR AT AL o PRI, X 2875125 0 A7 R 12 i i
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TR, TR F RS Hh A A SR ], A
PLE T 7 PO G B B ik )i SRS RE T B
A AR PR AL RE 1 5 R T X, 74
2352 B RV — DX A AN DT B A FR A DRI 2
L TR DR GAL BETE T  FELE . 1B 6 R T T
PLGE T 5 X 5 ARG 45 £ — e 24

11

%j—‘:iﬁ] P1 P2 P P
[47
. A IR, #il .
A BIFE-- : = SCASFAE
= p0—p x| —> g | —>
Wi B XA e | .
AL NEREF A, & i ;
il P Pl o
WL i2t L 0, P |0, P, . |01 Py_y|0; - Py
A P Y
M= - ! 0;-P 0, - Py
- AL, E
0 L i
Otzi OEZil 03Py ;\;;i%;‘; O3+ Py - ﬁbﬁ%
G Y [ ®
—D‘L Bt ‘—’ AL ‘ - —
s h /
i Oy-Py|0y-P; .. e Onc Py |
RE MG | | | | |
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%

Bl 6 Li L HAEA(2022) 52 H 5 T RILETE 75 X0 55 AR 48— R

Fig. 6 General architecture of detectors based on vision-language alignment proposed by Li L H et al. (2022)

MK S NK 4T, 3% 28 5 vk 5 F i im0 R
AL T S AT B A5G o LA Zhong 55 A (2022) 42
B DXBREE X i F — R 01 25k (RegionCLIP) 2
R 26 By A 3 3 b 1 X e — SCAS X 5 BN 45 L R
CLIP A [l ST 55 fiE 1 97 i 0o 32k IX a2 1, AT 422
FHASEH BT 28 5 R RE T 5 Feng 5 N (2022) 4641
() $2 71 G 0 75 (PromptDet ) 45 J7 35 I 4 — 25 1) FH 2
TN EE S AR RS A # a2, i
A BB A% SR AT 55 $i A A B AR 1 28 031 ) 18
AR BRI AR L 1 1A X S I D RE A B b
RO A E AT IE T — A B 5 SOAIE LR
% Ry B A I B2 (48 B i ) 2 S0 T S RS M A 292 Ak
AET1, X M IE S 1B S A S A D REAR B AR
MBS T HeAil

FEDFEA BARK I 52T 8T8 5 B 1) v
I AGFN P — 58 . Madan %5 A (2024) 45 1, %

41 Grounding DINO (grounding detection transformer
with improved denoising anchor boxes, Grounding
DINO) (Liu 45,2024 ) 55 FE Al L5 5 5 B B A FE AR
BE T EREAERR D REASIY B e AR A H
PG I 25 , 100 BH T 5 Sl 50 R RIS B A5 285 I i
SERERS WAE AR TR E A RE T o X — & Rk
— UL TS DA g 5 b A R H AR i
UBEREA 5 B B T 5 T SCA RS & A B
TEASAR B 2 T 34 BE SR Ay 25 1z Al 1k
BEXh s S AR AS H AR, B AR B T AR
J& Shangguan 45 A (2025) $& 1 (9 5 T & SCAR 1 5
W 2B DFEA H AR A (cross-domain multi-modal
few-shot object detection via rich text) o Z A IEINH,
AT 23S E BRI 532 A T 0ot 25 U A% 1) 25 5
BA T B AR 1 SOl R AT Bl TR A S R e 5
1) 550 5 1 SCZ T AR A R IRSCHR . S, %07
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25 A E & SUAR (vich text) 7E 0 il BIBE 2, 7 Meta-
DETR (Zhang %5, 2023 ) 3£k |3 i3 X ) SCA4FAE A=
Lk — A R A — I 5T, FR R TR AL i
TR A BARRE T o 5 AU S 301 44 Bk s 1] S A 4
IR TTIE A L rich text FPAL S BT ELR 1) J& 1 3 X
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AR H BRI 7 3, PRI T T8 T 8 e A B 11 52
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SR B T AL TR 0 5 0 o B S b
FEA B AR AR AL T S S i s AR 7 77 L R
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AN RN FER SR AF R o AR AR /D SRR
BRI J7 1, SCARTE CRA SR i R AT e R
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PR LA
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— R TR 2 B L 58 L Al A B 5] AR I HE 2
Pan 28 A (2025)#2 H Y Enhance Then Search (ETS) 8
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thing on earth with DINO, LAE-DINO) (Pan %5 , 2025)
X AR AL b WU 2 i) BE AR Y |, 7 5 /D
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Fig. 7 General architecture of a detector based on a large vision-language model proposed by Jiang et al. (2025)
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Table 2 Comparison of representative methods for cross—domain few—shot object detection
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Fig. 8 A representative CD-FSOD benchmark summarized from Fu et al. (2024)
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Table 3 Cross—domain few—shot object detection benchmarks and aerial remote sensing object detection datasets
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Table 4 Performance of reviewed methods in aerial remote sensing CD-FSOD scenarios
HE REBRIEW e 1-shot 5-shot 10-shot Avg.
Meta R-CNN ICCV2019 N 7.8 17.7 20.6 15.4
TFA w/cos arXiv2020 N 8.0 18.1 20.5 155
FSCE CVPR2021 N 8.6 18.7 21.9 16.4
DeFRCN ICCV2021 N 9.3 18.9 22.9 17.0
Distill-CDFSOD ICASSP2023 N 10.5 19.1 26.5 18.7
ViTDeT-FT ECCV2022 v 12.9 23.3 29.4 21.9
Detic ECCV2022 X 0.1 0.1 0.1 0.1
Detic=FT ECCV2022 N 4.1 12.1 154 10.5
DE-ViT CoRL2024 X 2.7 7.8 8.4 6.3
DE-ViT-FT CoR1.2024 V 14.7 234 25.6 21.2
CD-ViTO ECCV2024 N 17.8 26.9 30.8 252
Meta-DETR TPAMI2023 N 11.1 19.4 19.9 16.8
Grounding DINO ECCV2024 N 14.8 29.6 37.2 27.2
ETS CVPRW2025 N 12.7 293 37.5 26.5
Domain-RAG NeurlPS2025 V 18.0 315 39.0 29.5
RT CD-MFSOD WACV2025 N 14.3 26.9 314 24.2
StyleProto AAAT2026 N 22.6 27.7 32.1 27.5
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