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modalities suffer from significant performance limitations under challenging conditions, including nighttime environments,
low illumination, adverse weather, complex backgrounds, and occlusions, which restrict their robustness in real-world sce-
narios. The introduction of heterogeneous modalities, such as infrared, depth, LiDAR, event cameras, and other comple-
mentary sensing modalities, provides additional geometric, thermal, structural, or motion information to alleviate these
limitations. However, the heterogeneity of RGB-X data also brings new challenges, including differences in sensing mecha-
nisms, spatial resolution, representation characteristics, and modality reliability. Meanwhile, redundant, noisy, and even
conflicting information may be introduced during cross-modal interaction. Therefore, effectively exploiting complementary
information while suppressing redundant and unreliable information remains a critical challenge for RGB-X cross-modal
interaction. Traditional fusion approaches mainly rely on explicitly designed interaction strategies, such as element-wise
operations, feature concatenation, bridging structures, attention mechanisms, and additional complex fusion modules, to
achieve heterogeneous modality integration. Although these approaches have achieved substantial progress, their perfor-
mance generally depends on task-specific network architectures, carefully designed fusion strategies, and large-scale anno-
tated data, which may limit their adaptability and generalization across different scenarios and sensing conditions. In par-
ticular, when the characteristics or reliability of input modalities change, conventional fusion architectures may require
additional optimization or retraining to establish effective cross-modal representations. Recently, the emergence of founda-
tion models (FMs) , including Vision Foundation Models (VFMs) , Vision Language Models (VLMs) , and Multimodal
Large Language Models (MLLMs) , has provided new perspectives for RGB-X fusion. Compared with conventional fusion
methods, foundation models offer strong general-purpose representation, cross-modal understanding, semantic alignment,
and knowledge transfer capabilities, providing new design strategies and capability enhancement approaches for specialized
fusion models. By introducing the representations and prior knowledge acquired from large-scale pre-training, foundation
models can participate in different stages of RGB-X interaction, including modality perception, feature extraction, cross-
modal alignment, feature enhancement, semantic interaction, and high-level representation reasoning. This emerging para-
digm not only provides new possibilities for improving the complementary utilization of heterogeneous modalities, but also
expands RGB-X fusion from conventional task-specific feature interaction toward more generalizable and knowledge-driven
multimodal perception. This paper presents a systematic survey of RGB-X cross-modal interaction techniques driven by
foundation models. First, we review the fundamental principles and development of RGB-X perception and fusion technolo-
gies, focusing on the characteristics of heterogeneous modalities and the major challenges in-cross-modal alignment, infor-
mation redundancy, modality reliability, and uncertainty. Then, we introduce the basic concepts and capabilities of foun-
dation models, including VFMs, VLMs, and MLLMs, and analyze their potential roles in RGB-X perception. According to
the representation hierarchy at which cross-modal interaction occurs, we systematically review existing approaches from
three levels: modality-level fusion, feature-level fusion, and representation-level fusion. Modality-level fusion focuses on
incorporating heterogeneous modalities at the input or modality representation stage, feature-level fusion emphasizes the
interaction and enhancement of intermediate representations, while representation-level fusion further exploits high-level
semantic representations and knowledge provided by foundation models. For each level, representative methods are sum-
marized and compared from the perspectives of model architecture, modality interaction mechanism, foundation model uti-
lization, and fusion characteristics, providing a unified view of how general-purpose foundation models are integrated with
specialized RGB-X fusion architectures. Subsequently, representative methods are quantitatively compared on widely used
public benchmarks to analyze their performance differences under different multimodal configurations and perception
tasks. The comparison further provides insights into the effectiveness of different foundation model integration strategies
and their applicability to diverse RGB-X perception settings. Beyond benchmark evaluation, we further summarize the
applications of foundation model-driven RGB-X fusion in key downstream perception scenarios, including autonomous driv-
ing, intelligent robotics, and medical imaging, highlighting how heterogeneous sensing and foundation model capabilities
can jointly improve perception robustness, semantic understanding, and adaptability in practical environments. Based on
the reviewed methods and experimental results, we further discuss several important challenges that remain unresolved,
including efficient cross-modal alignment, modality reliability and uncertainty modeling, information redundancy and con-

flict suppression, computational efficiency, foundation model adaptation, and the lack of unified evaluation protocols. In
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particular, how to effectively balance the generalization capabilities of foundation models with the task-specific require-

ments of RGB-X perception remains an important research problem. Future research may focus on dynamic modality inter-

action, uncertainty-aware fusion, efficient foundation model adaptation, knowledge-guided multimodal reasoning, light-

weight architectures, and more flexible fusion mechanisms for resource-constrained real-world applications. Unlike exist-

ing surveys that mainly focus on traditional explicit fusion strategies or conventional multimodal architectures, this work

focuses on the emerging paradigm of foundation model-driven RGB-X fusion and provides a comprehensive overview of its

technical foundations, representation-level taxonomy, representative methods, quantitative comparisons, and practical

applications. By establishing a systematic perspective on the interaction between foundation models and heterogeneous

RGB-X modalities, this survey aims to clarify the current research landscape, identify key technical challenges, and pro-

vide valuable references and insights for future research on RGB-X cross-modal interaction in the era of foundation models.

All references, algorithms, datasets, and evaluation metrics are summarized athttp : //github. com/yuyuxiazhu-pixel/RGB-X-

fusion-technologies:.

Key words: autonomous driving; cross-modal interaction; cross-modal perception; vision foundation models; RGB-X
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P B, IR A L Z AR (Mixture of Experts, MoE)
i 2ok B0 25 AL AR AN TR 2S e e B ik
G HLZ Mg, 4R 2 B R R GE ) (Tan 55,
2025) ; %f Hb2 2] (Jamal 45 ,2025) Fi FH S A2 — &bk
Yo, ik — 0 1 5 3 SRR By R e P 5 I A
(Test-Time Adaptation, TTA) 45 R W 38 123 8] & A5t Al
X 73 A ) W 7, 2% A AR 2 O3 A A8 AL S B 1R RE
BAL A8 (Liu 45 ,2023b) o Ak, BRI AR 2
BT A SRS AMES B2 RS BSRRE
PRI 2R I i/ B A58 AH DG s 22, 12 v A5 251 TR XS R 1 37 55
B 9 2R 7R B (Wang 45 ,2025) o 7 2248 AT 02,
X ST LIRSS B RS LA, T3 A B A A A
AE )1 9 WG, 15 50— R 27 > R ) A AR AHE AR
gh4 Nt — T RCB-X fill i R Gu e FF iR b
H T

SR E ROz B A S T S — RO T
2 X [ A 28 0 ] 5 A 95 B AR , L 4 ey 7 DR IR 1
RS — B 1 [m] 5 f B8 AN [ A5 JEe i 0 ot e £ R L LA
e e A4 ] SRt A 2 SR LS RS v A8 ) AN A
AL S R R AL AR AT R R RIE S RGB-X il 55

BB RAR ML
3 EETN

RPFAS AN TR RGB-X 15 B2 il A5 ML ) A A5k
AR S 25 M R A S BRI AT 55 4 S 4 — 1 1T A
o 5B RS ORI H AT S5 AR I DA A
R H AR i SRR H AR ERERAE AR
FMEPFIAE 55, 73 3 28 44T 55 0T R FH A0 0080 4 S
VPN a5, I B 0 Ik 0 P RER I, AR A AL
14 £ 5 S AT AR [R) v O P i 22 5 S 7 5
3.1 #HEE
3.1.1  RGB-X g3 H A £ 4

RGB-T: VT821 (Wang %5 , 2018) 2 & > A I 1
RGB-T .3 H br ke I %5 4f 4 |, J5 2% VT1000 (Tu 5%,
2020) F1 VT5000( Tu %5, 2023) iZ A9 KB R A, J5
AL 5000 X B HEEIS . VI-RGBT1500 (Song 5,
2023a) £ 5% 78 2 G B AN 5 S BEFIIG BE BE =P 2%
PRRAE DAl 55 28 7 52 2% o B 5 T A
PEfE .

RGB-D: STERE (Niu %5 ,2012) . NLPR (Peng 55 ,
2014) FINJU2K (Ju 4§ ,2014) J212 4 i i R et
PR  FEASR 394 10001000 11985 %, th4h,
Piao % (2019) , Fan 5§ (2020) K& ReDWeb-S (Liu % ,
2022) 4 38 o SR S # . GIT (Ciptadi 55
2013) . LFSD (Li %, 2014) . DES(Cheng % ,2014) I
SSD(Zhu 5§ ,2017) 55 /NS AL 6 52 1 H TRz
FLRE T A PEA .

3.1.2 RGB-Xif L rE5dnsE

RGB-T: MFNet (Ha %5, 2017 ) 42 & /™ i ] 35 117 25
317 5 RGB-T 15 o #1425 1569 X H [1]
SR EEG briE 9 KB B Hbr. PST00(Shibaku-
mar % ,2020) [H 1o LA A B E/EAE 427 894 X 5]
1%, bR 1E 52 HAr o Freiburg Thermal (Vertens 55 ,
2020) MUK, 5 2 T vt R, 55 134201
RoadScene-seg (Yi 55 , 2022 ) £ RoadScene £ At | A
TARIEY FE, A7 1326 XFREAS  FRiE 8 2], Jf 4%
10: 1400 40 U1 2k 30 uE A K4 . RGB-D: NYUDv2
(Silberman % ,2012) fU,45 1449 %} % P RGB-D [E1% ,
T 75 894 2851 . SUN RGB-D (Song %5 ,2015) £, %
10335 XPREA , ALK& 2D Z 0 B & 3D Y AR HE A
1T o Stanford 2D-3D-S ( Armeni 2%, 2017) FEFE T K,
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A1 70496 7 1= I IR, B 35 13 12851, ScanNet
(Dai %%,2017) /& 44> RGB-D #UAR B IE 4 , f &5 ki
250 J3 i, S HFEE N 3R 3D AT

3.1.3 RGB-X HAnERESE R4

RGB-T: GTOT (Li % ,2016) & & 1> RGB-T H #5
R0 bR o KR 4 A S0 AL B . Bl TR
RGBT210(Li%,2017) 1 RGBT234(Li % ,2019) 4351
PR 28 210 F1 234 S350, Hpnid: 2 2Pk s
£, VOT-RGBT2019 (Kristan 25 ,2019) 42 & > 3% 3%
9% RGB-T ¥4 4 , 1015 604~ 731 . LasHeR (Li %5,
2021) 4 G Hif A KPR 1 B 4 |, A0 B 1224 %5 0
FP 3, B ECE L 73 7.

RGB-D: PTB(Song % ,2013) & RGB-D H AR IR EE
AL A TR AE A5 100 AT 51, STC
(Xiao %%, 2018) 1 %% 36 I~ ¥ 41l , CDTB (Lukezic 45 ,
2019) 425 80T, EMUER 2 10 T3 Wi, 43 HE IR A
T+ . BfiJ5 DepthTrack (Yan % , 2021) . RGBDIK
(Zhu &%, 2023¢) 1 ARKitTrack (Zhao &5, 2023 ) 25 %4
PRAETE— LY R TR AL, DTTD(Feng %5 ,2023)
BRERERAT 55 h — 4 R 2 =4k 405 103 M0,
W EA QR IGE Xhn i FESE R .

3.2 iEERAE
3.2.1 RGB-X i 3 BARK PN 545

2 H bR R I R R TP 2 48 % 15 2% (Mean
Absolute Error, MAE) Z55 VFHr 38 #1 (F-Measure,
Fy) R 815 (S-Measure, S,,) FI3E 38 BL fESE bR
(E-Measure, E,) #7456V . HoA ,MAE 2T
TEAN Lo 0 25 T S S5 I (&1 Y 22 (8] 1 3% 25, B0 (E
/INFR IR TN 25 S B A ST LSRR 5 Fp 255 5 TR B
FI43 1] (Zhao 45 ,2019) , FF PF M T00000 5 5 1) 4%
URHERRYE 5 S, DX 2846 T b 5 #4795 4 T A o
T 25 5 5 LS B 2 PR 2 (R 25 A AR B (Fan 46,
2017); E, M 254 % 185 2 R UC B R R et 5
B TP TS A5 SR ] R R — 2
PEo BIRFERRMR R IR 2E AR A 2R 25
LI DA R A — S0 SR [R) A s e B 2 E A
PEfE .

3.2.2  RGB-Xifi X #1046 bR

TE I 53 FIE 55, AR 2 E B %8 (Accuracy,
Acc) F12Z 3 It (Intersection over union, IoU) 2 H %
DR RPN bR . o, Ace FR N 1
W 2 R R D B, T IR R R

SR M 5 ToU A7 S F50I0 DX I 5 10 S AR 12 DXl 22 )
A SRR, 2l o RS w48 AR
Z—o X T &SI RS, i — PR
FHA& 2851 ToU (1-F- 448, B P35 52 FF [ (mean ToU,
mloU) , L5 & PEAN B BL XS A [] 2 53] 11 4 %1 g
AR R IR A B B R PERE AR
3.2.3  RGB-X HARRERIFAN 1845

SV, A AT 55 AP e b 20 13k,
MR MK 1 >R (Precision Rate, PR) i T/*% (Success
Rate, SR) . R Ef 45 B (Accuracy, A) | FR B¢ & % 1
(Robustness, R) M IHEE -1 # 5 % (Expected Aver-
age Overlap, EAQ) ., Hrr, PR 3= 245 700 H prrh
L LS 2 ) Y B % 22 , SRR I T AE
5 ELSHE 22 8] Y B S R T VE A B i 7 O 5 A RN
R 43N B A (64 B R 2% G U1 0 - IR B
AE; EAO 35 5 B MR G 5 B B 1L, 1 T % B2
A PEAT REARPEREIT Y o AS[) Bicdha B AP BIp LA R
PR BASE AR S 22 B8 8 ] BEAFAE 22 5, AR SCHR R
A5 MR AR 00 B D7 PRI BG4 R AR
3.3 EEITM

A B U H ARSI 3 SO e H bR B R
155 FEATSE RO TR BEXS L, Horpr, 12 3 HARAS AL 55
P AR AU 45 V821, VT1000 S VT5000 % 104>
LT ORI B By A A Y R4 X L 5 1 SC o) FIME
% 1% £ 7€ RGB-D 2K % 4% 45 NYU Depth V2. SUN-
RGBD Fl1 RGB-T 2% #i5 ££ MFNet Dataset . PST900 |-
Xof 22 AT ORAG A UK Sy 1) 73 BB RS AT X LG 5 H bR
PR EFAT 45 ¥ 4% GTOT .RGBT234 J¢ LasHeR =/~ F
Bdndi % 25 P T ORBY ARSI RGB-X H AR g
T AT IR RE LU RS o X R =00 % e g SRR I &t
TR 13, Hp 7E & RN = IO B 2R AR 4K
W =G IRARFB A X ) , BRSNS
MRS Rl A M RAEH RS =ik

Sy 1Al SR A TR Rl 2 2009 RGB-X i
F H BRI 7 V5B S T B R R P RE L H i T
FlE AL A BT R 25 5, HAERE R A1
—E Xl Horh S G RG J  E E AR A
WrBeoe s RGB 5 X S B AR S8  AE% i
FER A () 44 JEe i 2 8] 9 L AMRRPE L H el TRl Bk
A TRFE SR IBCZ AT, % J2 1 G2 1 A RE ) AH
XA BRE, PR ke A R IR TS SE IR R Rl v
ARG 7k E— AR T T LAY N PR AR 2
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EFiEAEEEN RGB-X AR AHRTLIR

[, 38 4 52 SO R T EHURIfE 2 RGB 5§ RSz
) A5 S8 28 L, AE H b DXl o RN AR 7 30 A Ay
i EHAT SR AL 40, KAN-SAM (Li %5, 2025b) #|
FH SAM $2& HE iy FF 5 tH: S0 08 S 50, 7R RRAE 28 B 72
H s H AR 25 A 2R 58 AR R AR R FH SAM2 1E S 3K
BB T HY SAMSOD (Liu % ,2026) , Ho F, 8 4n 42 T+
1. 5%, PRBE T HFAF 9 Fil A 45 38 FH AL Je 96 0 2 2%
HAREAIMR R . ML RIEG A& ik
#H—0 % RGB 5 XA i i 2 =21 25 ], i i
= o) P RS — BN 5 J2 3R SR SO 5, R
SRR oA 22 5 AR T Al & — 2o oy m B A
#e, N, ComPur(Pang 55,2025 ) i i A4 # 48 — B5 A
BER SN EM AR E S TR ERE , =I5
T Z 0 S (A A LA AL BE A5 A AU T RGB-X
2 BARR I ik i 25 A 2RI

SEER2ATH R AR R Al A 2 R RGB-X i
X% )7 A RGB-T 5 RGB-D 5 ¥ £ - 44 J 3
B R AR PR RE  (E AN [a] Fil A B AE A5 S R O 0k
EHAG R A2 . B TE U EE TR R K
BAETAT 55 , AT 25050 A R B AR S AL 1Y
JRIEBAN T F B, ISR T R 1Y B A SN R
KF, HBLRG 2 P e 2 FI MR HAA B
o RRAF A 7 v 2 AR T S R AR AL R
fIE 25 [, 308 o A S AR A S8 3 it ) L | 8P 25y
{7 B3R, A2 44 H AR IR EAT 3471 4015 R 4k
F1o B, M5k (Cai 25,2025 ) i) i FHAE

AU (R0 5 SE 55, 38 3 R AR A B AL R T
RGB-D 1 RGB-T 375 T W& K BUMAE J1 . ML
Z N RIEG A Ty ki — 20 e st Y7 ) rp st
M RGB 5 SANBES ) G —Fn , il i FARALS or Ai

SRR I 1 Sl B R B USSR T

HATRAZARE T . SRR A1 CMX (Zhang 5§,
2023a) A SAHICGE 3R 7 i, GBS [A] I 32 4F RGB-
D FI RGB-T 4 Z Ml & 5t , LG — MR Z 90k
Ay E AR, A T B A 51 A Prompt 55 S5
BAGE B R, 76 O A Al & 2 GOkl b iF— 20 1 Sk
fill 45 %Y € 7, 4 40 CPAL-L (Liu %8 , 2025b) 7E NYU
Depth V2 #1 SUN-RGBD %4 46 I a2 40 43 1 M
fE , 3R W42 s b3 BC LI e 08 A R SR A AR R 7
RGB-XAL: 55 h iy iE#4 e

SRR E B ET S5k R R,
RGB-X filt & 1E £ HH J5) B R AF 28 B2 7 ) 2 521 X

FoR o 2 7 1) E 8 5 B e 2 G S S RS —
B}ME, A E AT B BORRE RO Sy

2 R AR Rl 5 2 1 RGB-X 43 5 VA 1
RGB-T 5 RGB-D #fin e b i PERE LL AL

Table 2 Performance comparison of RGB-X seg-
mentation methods employing different fusion levels on
RGB-T and RGB-D datasets.

TSR R IR BEZ AR PR HE PSR, "5k
AN AR R AR X I B 5 | AT o 5 B B
R

RGNS RS 4 5 9 DIVAL SR 71 DO DA S 4 T
& G ” CRRAEZR & (52) 7 B RAES Rl (5%) 7

G AT 3 AL, SRRl 2 G RGB-X H A R
BT RAEA AR B RE R A AE —E 22 5%
W E P A, GTOT \RGBT234 Ml LasHeR ) FL{A I
WISOFAE 2~ (2% 8), Hrh PRE AR
B AFAE 2 5, LasHeR #43 TAE R — 20 015
NPR (Normalized Precision Rate)$8#5 . A, AR 3C{X
BT AR B A FIPE 18 bn SN BRSO AN [F)
T3k BEAT PR RE 20 BT, AN HEAT B 0 H A Y T RV BE
HER

T H AR ERERAT 55 AN RS RGB 5 XA
S EAME B, I ZORTE S Y 31 b R E H bR
By — O RS TROE , P I Rl G J7 vk T S [m] i 2
ISR RISAE BACH S GRS, Horh  RRAESL
Rl T V5 32 R I A A TR oA R AR A 2 ) e e
B RN 22 B3 5 5 bR X R AE , 76 R i ] RUEE T
AEAZ A %0F F RGB S5 AL AME B B b, 32 &5 H AR
BIREEE o ML Z T BES SRl G Jr vkl o 7 i A By
B A ZE B, FA B 48 b SR P A 1
IRE ST 5 T BRI SO X T 2T S
FIARSMILAZ AL Y AL RE S ARXS AT R . il , GOLA-L
(Shao 45,2026 ) 314 51 AMLSE- 5 145 Prompt 1 58
SRV Y B A S B BE JT , 78 RGBT234 Xdla A AH
[F)FAN DRSO JRUAS T4 PR 46 b5 , AHH MoKA-HP
(Wu%5,2026) 2 TH2 1. 5%, BEIA 25 & LRI AL 56
F BB A AR THE A 5T 1 H AR g

I3 — 7 T, FRAE G Jr ki i g s 1
23 [A] g5 RGB 5 XL Z [A] 1y — 20tk , 7285 5 5k
R MRS 22 S G2 i 5 T LA o 4Rl F H A
BT 55 v BE AR % S ot =2 8] Y H AR AL Fn B
3 IR AR AR TR S Gt — R AT M LA SE 73 A 51 25
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®1 ETARMEERKRGB-X B& BARENTT AT VI5000.VT1000 70 VT821 # &5 £ A HEELLE
Table 1 Performance comparison of RGB-X salient object detection methods based on different fusion levels on the
VT5000, VT1000, and VT821 datasets.
R RSO R SR IZ AR bR B AR . 3 LT 5 O () €0 B DX 53 % B B , 23tk o7 “ RS G Rl 45 (i) ™ AR E
PR (50)7 R RAER G (4%)7

i VT5000 VT1000 VT821

LI =R
HyPSAM
(Hou 4 , 928 939 91.1 1.9 963 93.1 946 957 944 1.1 965 954 914 93.0 90.3 2.0 948 932
2026h)
DPLNet
(Dong % , - 88 - 38 916 8.9 - 8.1 - 22 951 928 - 810 - 43 90.8 87.8
2024)
KAN-SAM
(Li 4, 909 93.1 90.5 2.0 957 927 93.0 947 934 13 958 946 883 91.1 88.0 2.5 932 915
2025h)
SIIEDD (Lin 91.6 - 21 956 924 - 949 - 12 981 948 - 933 - 17 969 934
55 206) ’ ; ; : ) ; ; . ; ; : ’
HRTP
(He % , - 918 - 17 951 911 - 963 - 1.1 983 955 - 950 - 1.7 97.1 939
2024c)
DiffSOD (Song
. - 908 - 26 935 918 - 937 - 21 969 951 - 886 - 3.1 956 91.1
4 2025)
AiOSOD

. 875 - 346 938 896 - 941 - 20 974 941 - 882 - 28 937 905

(Jia%%,2023)
ComPtr
(Pang % , - 919 883 221 963 928 - 954 927 15 980 951 - 90.7 875 22 950 924
2025)
M-SpecGene
(Zhou % , - 8712 - 28 928 892 - 925 - 15 952 935 - 8.2 - 28 919 89.1
2025b)
UniRGB-IR
(Yuan % , - 849 - 27 935 906 - 894 - 1.8 943 939 - 806 - 39 895 88.1
2025)
B Sl A R Y AR AE Gl T AR R AT S5 T HEREAS

AP S AR g R B o BAKRE , RGB-X H AR R ER
9 5 R R 3 TEAE o PRl OB A5 SRS B W m 245
IR PP AT | T SO AR gl 250K 25 U A il 7 1)
ik

A3 R AN TR il A 2 4% 9 RGB-X H A SR 2 5

PERE LLEL

Table 3 Performance Comparison of RGB-X
Object Tracking Methods with Different Fusion Levels

RSO ARSI AR AR B AR - R
AR AR P RRE X D B B 5 | AN 2R v 5

RGN AR S B Do VA R7 s | PO PV RS

A GHD " CRRIE RS (50) 7 B RAE RS (20)7
EE?K

[F) &5 H 5 £ PROVEAN BIMBUAF A 25 57, AR SUIUAE A
[ Kt 5 B AH R PEAN Db ST FEBEAS [R] 7 1 A P RE
AT KR AR U

4 HEXMNHA

REIR 0 1 E5 S ﬁé%&*

RT R AR
© hEEZR KB

%
WAL



17

GHi, AE=, BEH, =&
ETFEAE N RGB-XEEHARARLEIE
BT NYU Depth V2 SUN-RGBD MFNet Dataset PST900
ST '
H 34 mAcce mloU mAcce mloU mAcc mloU mAcce mloU
DPLNet
o 2024 — — — — - 59.3 - 86.7
( Dong &5 2024)
GoPT(He,2024b) 2024 67.4 54.3 64.5 52.3 77.0 57.7 = 81.5
CPAL-L
2025 84.5 65.8 86.3 58.2 == == == ==
(Liu % ,2025b)
MM-SAM
2024 - 81.4 - 81.2 = 75.9 == ==
(Xiao%5,2024)
TUNI
» 2025 == == == == == == = 87.3
(Guo4%,2025)
MiLNet
o 2025 — — — — 73.2 60.1 9299 85.11
(Liu%,2025a)
TASeg(Yu 4 ,2025) 2025 — —— —— — - 77.6 - 86.09
SARTM
2025 == == == == = 60.03 = 89.88
(Xing%¥,2025)
FusionSAM
2025 == == == == = 64.4 == ==
(Li%%,2025a)
SHIFNet
2025 == == == == = 59.2 94.1 89.8
(Zhao %5 ,2025)
SAM-FuseNet(Zhu % ,2026) 2026 == == == == == == = 98.92
AdaptRGB-t
» 2026 —— —— —— — 85.4 77.6 - 86.09
(Yu%%5,2026)
CMX
o 2023  80.1 56.9 83.8 52.4 - 59.7 —— —
(Zhang 5% ,2023a)
CSFNet
» 2024 — — —— — — 59.98 = =
(Qashqai % ,2024)
UniMRSeg
2025 — — — 53.2 — —— — —
(Zhao%,2025)
Keep balance( Cai %5 ,2025) 2025 = 59.9 = 55.0 = 59.2 = 88.7
BiXFormer
» 2025 = 54.5 == == == == == ==
(Chen%%,2025)
ComPtr
o 2025 — — - 52.8 == == == ==
(Pang 45 2025)
MMPX
o 2025 - 66.2 - 57.6 — — - 87.3
(Wu%§,2025a)
UniRGB-IR
» 2025 == == == == == == 94.3 82.8
(Yuan$,2025)
RXSSNet
» 2026 - 55.2 — — - 61.2 - 87.45
(Zhang 45 2026)
SGFNet-LoME
o 2026 — — — — 75.6 57.9 91.5 83.4
(Zhang 45 .2026)
AR IR B R M B R AR RSESTR NN IRk S
FBl 28 L AR B R0 N F B B S Al A R B H T A
© tp[H G BB AT A
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B fT GTOT RGBT234 LasHeR
PRER AL ‘
M pR(%)  SR(%) PR(%) SR(%) PR(%) SR (%)
ProTrack
o 2022 80.8 68.9 78.6 58.7 53.8 42.0
(Yang 5§ ,2022)
MPLT (Luo % ,2023) 2023 — — 88.4 65.7 - -
M3PT(Wang 55 ,2024a) 2024 92.7 76.9 86.6 63.9 70.0 56.1
OneTracker
2024 — — 85.7 64.2 67.2 53.8
(Hong 55 ,2024)
Tea—Stu Net
o 2024 92.6 77.5 88.3 66.1 71.2 56.5
(Luo%%,2024)
Un—Track
2024 — — 83.7 61.8 66.7 53.6
(Wu45,2024b)
CFBT(Zeng %5 ,2024) 2024 — — 89.9 65.9 73.2 58.4
LRPD-L(Hu%,2025hb) 2025 — — - - 80.5 63.8
RFFMNet
2025 93.4 76.8 86.5 62.9 68.9 54.1
(Zeng 55 ,2025)
VFPTrack
2025 — — 89.0 65.0 73.5 58.5
(Yang%,2025d)
M*Track(Tang %5 ,2025) 2025 92.1 77.2 84.5 63.0 64.0 51.1
GOLA-L
2026 95.3 80.9 92.8 71.3 78.1 61.9
(Shao%%,2026)
PromptTrack
2026 — — 91.7 67.2 76.2 60.7
(Li%F,2026)
VMoKA-HP 2026 94.4 80.9 91.3 68.9 74.3 59.0
(Wu4§,2026) ’ ’ ’ | ’ ’
ViPT(zhu%,2023b) 2023 61.1 54.0 83.5 61.7 65.1 52.5
TIETracker
2025 — — 85.7 63.8 70.0 55.8
(Xia%§,2025)
AMATrack
2024 — — 82.6 61.2 - -
(Ye 45 ,2024)
XTracker(Tan %5 ,2025) 2025 — — 87.8 65.4 73.1 58.7
CSTrack (Feng %% ,2025) 2025 — — 94.0 70.9 75.6 60.8
LightFC-X
2025 88.7 71.4 83.4 60.3 64.7 50.7
(Li%%,2025¢)
UASTrack
2025 93.3 78.9 87.6 65.1 71.1 57.0
(Wang &5 2025¢)
APTrack (Hu%5,2025d) 2025 — — - - 74.1 58.9
Diff-MM
. 2025 — — 94.8 71.2 77.9 62.4
(Xuan%%,2025)
STTrack (Hu %5 ,2025¢) 2025 — — 89.8 66.7 76.0 60.3
UniSOT(Ma%%,2026) 2026 — — 87.4 65.0 68.4 54.8
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W, AR, MER, =&
EFiEAEEEN RGB-X AR AHRTLIR

4.1 ERES3I N A

TERE 22 HIRIREEh | BA— RGBS XE L 4 THI %)
) H AR A PR P S PR AR A . 1R X M WL
S HA RINH Z RS RRAE, BR T WOGEE Ah , K2
Ah A I FLAEE 5 (Synthetic Aperture Radar, SAR) &
G E 45 22 TR B R DORLEE B ST 45
R385 B W SO 2 P55 A P SR (A A B o B A
R K JiE | TR ST IR FE H SR AE 52 1k g
P e T 1) 22 A5 2 b UL 1 8 — RN HE SR B RGB
55 22560 A B0 A i i 2 A SRR AR 2 [ R AT P ] A
B 3N 22 Ffoxd LI A 55 0 3 % Sz Ak .

SatMAE(Cong 45,2022 ) J& 5 Ff KA B WiE
TN L7 | 18 BRI 1) 5 FE R AR Y 2 — Bk T
KA E T ZRXS T e ST 55 4 THE T . Bl
Jei , HH TBM 55 NASA 5 26 A1 B4 18 SR EE Al A5 2 Prithvi
(Jakubik 45 ,2023) it— K5 22 1% 5 I 18]y 51 Kdls
45— Token fb , #i J& T 1% 48 RGB-X K 4f Ak P 50 ¢
TE I LAl b, 32 P BAEE XA [8] 1 37 SRR 4k e i &R
G B AY A 45 AR R KK VE Al BB Prithvi Geo-
Temporal (Kimura 55 , 2024) | < 4 A6 10 I 45 Y
Prithvi WxC (Schmude %5, 2024) DA N R AEW 025 5
+ 3 7 5 AF AL AR RS Prithvi 4% (Nishikado % ,2024) .
X SR A T o 25— AR 22 YR ) S A R R T
T AR I 25 R AE S AT 552 A RE T .

TEAL 8 LRSS A AE S R, BT ik — 2D od
P RS R 5 | NG AT 55, 32 T 18 SR O Y
REMFPERE T o N, & A0 i B R 55 Ak 1)
PLBE-15 5 B RemoteCLIP (Liu 55 ,2024a) il i3 25 &
FARIE S 5 LR KRG B S THE I8 5 i) 5 45
SRS TR KRBT, 9 PR BRI A s
S SA . BEJE 2T R RO A i —
A RGB-X B H A U3 1 i 28 53 J 2 (] 4 3L,
N FH T B 9 Bk 9 i 58 B A B 3T Al (Zhan 4
2025) A ER R SR 8 S (Gao 75, 2025a) M
s (] LA 9 HHE S R (Zhang 45 ,2024¢) LL BT
AL S PR AT R L2 R (Kuckreja 55,2024 ) %1555
4.2 BEETISHNA

NRZE L BARFAE S SR A T 2 2 U5
BEAE B — RGBASHMELLE X — oK. B
R A5 22 P AR BRI T B RS 7 75, 18
W T 3B HLETZE $ 45 (Computed Tomography,
CT) \ﬁfﬁ%jﬁz(Magnetic Resonance Imaging, MRI) .

T IR ANSR G Z RS . XS R B SE &
RGB EUZ , e 08 M figt 1 45 44 1 37t 8h 1 2 S A 4R
IR i f S TR (= ST TR ) o 3 AL
RGN TR Fry G 53 BT 512 320 8 S 3
HACRIR ST S AR R . TREE 2% T HAR i et A =
SR FT AT (Roth %5 ,2015) , If- 7 CNN R 15
BNz . BRI, B 2R RIS R HE LA™ b e o DL 2
SR RRAE 18] (418 S84, AR ) R 2 ST AR BT
s it —2 0 A .

B 4 JE b AR R (14 2456, F 58 N B T IR R R
HPERAE S5 XS RE S e Lak s, e BoReE
=% B A LR R FEHR AL A1 BAFF & 19 RETFound 2R 5 7]
tH (Zhou 5 ,2023) , /2 BEJ7 SR LI N T e &k
BRI 2 — |t MR R0  B S SE R AL . RET-
Found R I A Wi 24 2 2049, B 78 FRAIE AT AL XS K
FUAS AR R B A A, O B 9k A 5 I AR H T
P W) R 2R 9 T R T, 3 0E T Lz fk g
B J | RS TR g 0 F— 2 AR g BE AR N FH T BT T,
Hi, MedSAM (Ma 45 ,2024a) 2149 & SAM 1y £
2 MG BNV RA 308 o A AR I 2 (R M 4 I
T, SRR AR R R RN . 7E SL3emt -, T
T 45 52 I DA 3 S 110 Y R TR AR 44k 10 B, A 45 T
B2 AT AR S Endo-FM(Wang 25 ,2023¢) .
L T UG 52 A5 1) 28 %) 55 19 Rad-SAM (Khlaut 4%,
2025) LA KA P A5 5 FE IR 240 2245 8 1Y STPath
(Huang % ,2025) 45 . i S0 5L Al 63 70 3 o 75 de =228
(] PR S R RRAAE A TR AR S AR R AR R T s
I7 RN ZR G 1 S A e A3 A 5 e AR HE L g

I3 —J7 1, AN KA L A ) R 2 )
SAERS il R FERREAR SRR AR ), 5 A
155 SCAR R S0 AE W B 2 A0 vk ) 28 RS =2 W
HiBh o RN RS B 2 KA, LLaVA-Med (Li
45 2023a) DL AR S KA R LLaVA Sl 3ERE 6 f) &
1500 J7 5 A 1) = 2 MR- SCAR X ) PMC-15M £id 42
(Zhang % ,2023b) F A0, ST M58 5 SCAR
(1) Z B A il L oW 5 B2 BR 2% 2 B2 R A A Med-
Flamingo (Moor % ,2023) . XrayGPT (Thawakar %5,
2024) FIMUSK ( Xiang 45,2025 ) 2 4 T 32k
4.3 BERIVEENA

A FH RS i ) 400 5 fig R G AN T B TE D K
PG HUE AR T T I B 8 e R |
WE W25 A5 S e ok S vERs ] . R I 2 A
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T2k RCBBCA EUE , WL T Transformer i 2
RS AR 5 7= 8 0 A AR | 3 3o 45— Token 1L
2 B AS [7] S 3% 308 T8 S PR BE X 38k | 5 O b O R 2
(Chemmalar %5 ,2024) . B, 2RSS
AL g5t , VA KA RIAE Ay I 6 S 3 AT 55, 353
W5 (Sornapudi 45,2024 ) F] FH R HUAR A H &5 5 4
BAG RE BRI AT B W2, 08 20 A
(Ngugi 5,2024) 22 H 5] (Goyal 45 ,2025) A K
W Be Attt (Liu 25, 2024b; Shams 25 ,2025) 25 T 4T
55, BN -tV U sl T AL R R 1) SE AT 7R i

FE LI b, A 1 1) Al % 38 FH A B B HTHE
B8 FoMo4Wheat (Han 45 ,2025) #k 3#2 H 12 2B ¥ 16 K
TR A, B S e Bs i T A W B SN 2k, O iE
U 2N T LR 50 V2 L N1 B s O 5 < 7 0 | 4 N
AT 55 2 AR AR 7 [ “ AT B RS AR " A e LA
%% (Srivastava % , 2025; Nahian A %5, 2025; Knapen
85,2025 W B0 R A2 200 |l i 5 | A B R AR AT
M A B8 TR 4 3 TS S W 2D S ST A AR
RIYEAEY A3 Ar 5 I s iz Ak e 1. 59—
J7 T, 38 FH RS KA R RE A [R] A Ah BRI | SCAR 45
LR, A e 6 H R B AV 0 PR 45 T ) R
IFE A AARIET MM W5 R
AgriGPT-VL(Yang %5 ,2025b) & & & -5 &
MRS 8 Al AR TR JELAG) T TR fi K 1 4
bW -1 TR Agri-3M-VL, 52 22 M A HE R
B J L 1% A BABR R G — 1 A8 5 SO I — AR S AE
28 AgriGPT-Omni( Yang 45 ,2025¢) , 51 AT & B Al
R P B AR AR P 11 4G 2 I A i 7, A AR
BEUE L X LA PO B Re PR S L T, 2T
li#4E 55 (Nguyen 55, 2026) 1E 5| AL GE - SCAS (458 18
H S 2SR AT K i, 3 ST 2 25 DS
55 % 6 ) HI [0, ZERV RIS W NS HERE 2 7 i T 45
Yyserb e SN WS 7, 8 Bl AR AL 7 b 1L
PR HE
4.4 EEERXENA

FLS Y PRI EE PB4 T A B IR (Feng, 2025b) AN
AT B 0T T I 2 R TS e R
SEAT o HL B R R R o B - U R AT Bl R
SIEEACH 2 imy) SR L5 S s AR e
s F Agent” BUAH G| A H B8 GEAY T4 (Ahn
85 ,2022) A FH RIS 5 AR IEA AT 45 BRI, i 2o

PREHI WEAT: 55 AT AT PE T 9K sh Y BE IR AT . BEJS 4%
HRAE 2022—2023 4F #H 4k #& ) 79 RT-1 (Brohan 4%,
2022) , PaLM-E (Driess ¥, 2023) } RT-2 (Zitkovich
8,2023) o KA AR o) 2 B R BE 140 S T AR .
RT-13&F 130K+ ESLALAF A B E08s S B &5 51
SIHE Token F L] ; PaLM-E Fl RT-2 NIJs KA 11 A
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TP T 10 5 R AT RS

R T AR B FE R A R IR s H B BB 0 KR
], J5 SEF 9 % A0 E A RIAL S 8 — AR B B, 230
FRRA A 22 i B & 5 AT 55 9 38 T A o - 1
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% 2 VR B I 2R pt 2 T 3z #AE 2 J) o Mobile
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5\ F e Sy -k AT st — LR R E
IR TN 55 XUBS: BkE . 8K RoboCat ( Bousmalis %,
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2 ) WL e AT BT 55 i A I R 580808 9 2 AR
LA AN E R T ey T e S T e 1 R
S-S H G BE LK. Genie (Bruce &%,
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DPPO(Ren 55,2024 ) 4" TR I 5 b 27 > M 45 &
AL HL s A $2 i ; Dreamer £ %1 (Hafner 45, 2019;
Hafner 25,2020 ; Hafner 25,2025 )il i 2% 3] SR E5 U 7E
B3 T IREE T HUM 1) H 3R 5 Voyager FE BRI By 2 S fE
pi} (Wang &E 2023a;He ££,2024a; He 25 ,2025) M35
FIF AL TR BeIR A FF22% ) (Lyu 45,2025) 5
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