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Uncertainty Fusion-Based Multimodal
Remote Sensing Data Classification

HE Xin, CHEN Yu-shi, GU Yan-feng", LIU Tian-zhu
(School of Electronics and Information Engineering, Harbin Institute of Technology, Harbin, Heilongjiang 150001, China)

Abstract: Classification is a key technique and a hot topic in the interpretation of multimodal remote sensing data. In
recent years, deep learning methods have achieved significant progress in pixel-level classification of multimodal remote
sensing data. However, the different modalities contained in multimodal remote sensing data exhibit variability in their pre-
dicted results after feature extraction, which is referred to as predictive uncertainty. This uncertainty negatively impacts the
classification accuracy of multimodal remote sensing data classification methods. To reduce the prediction uncertainty, this
paper proposes an uncertainty-aware fusion framework for multimodal remote sensing data classification. From the perspec-
tive of evidence quality, the framework jointly extracts spatial and channel features from different modalities (e.g., synthetic
aperture radar data, light detection and ranging data, hyperspectral image, etc.) and constructs corresponding evidential neu-
ral networks. A specifically designed evidential fusion function is employed to effectively integrate multimodal evidential
information. During the fusion process, when conflicting predictions arise from different modalities, a conflict-aware dy-
namic weight adjustment mechanism is introduced. This mechanism adaptively reduces the weight of conflicting modalities
using a discount factor and dynamically reallocates the quality of evidence, thereby effectively reducing model uncertainty.
Furthermore, to further minimize the discrepancy among predictions from different modalities, a consistency loss function
is incorporated into the model parameter optimization process to constrain the consistency of predictions across modalities.
Experiments are conducted on three publicly available international multimodal remote sensing datasets, and the proposed
method is compared with six state-of-the-art approaches. The results demonstrate that the proposed method achieves signifi-

cant improvements in classification performance.
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3.4 HELEIS
3.4.1 AEMEAXILR

AR SR AN [ 28 JERARE A5 9 255 R {5 8 R 18 15 5 il
G, — T 5 OR A RS 43 ) i AT £ B
B, B IE 2 [A]REAE L 18 REAE S BUS 85 7 A
B ARSI O s 5 BAAS 4T Rl (Single Modality
Fusion, SMF)#E47 b dss . e Ah , A BGTEAS SCHE S A4 17 i)
AN R P Rl G 1) 2 A 1 BRI 3 T T AE R B 1)
A R0 8 R [R] B 4R AE 4 B =8 DA B P A [R] Y
A 77 2 CRa7 9 9F 82 77 20 Concat 4 i i F1 i 77 =X
Add) , 76 A 7] 5256 25 4 VAR AS [R5 125 1) 43 20KG B2
ANt MG TR MR, SEIR 2 RN 8 FIE 9 P

Houston Berlin MUUFL
US-MRSD
SMF
Concat
Add
78 80 82 84 86 88 90
OA/%

K8 I E AR A LG J7 K Sk R Ae Ak

Houston Berlin MUUFL
US-MRSD
SMF
Concat
Add
0 5 10 15 20
Uncertainty/%

9 AFREHRAA FIRlE 7 A E VAL L

IS5 R R A5 ARSI 30 2 A B
LMK S, 5L L3RG 7 M L, TE
Houston B4l 5 I ACR B i, 2948 T} 4% , 5 SMF 771k
ALY, 53 280 B SR THSCR B W i, BT AR SC % 2 Tl A
& HURI 8 T8 REAE 45 HU T R A T AN RIS 285 BB R i B2 Hi
FRRA A E A 7= TR A A A A 1 R B 4
AR T AR AR

AN F7 BE 5307, BT 9 JR R 1 ) 22458285 1 JEgk
P B AT GE 7 AT E A2 . W 9 fr
N T PRI AN Rl G Oy SR AN E PRI L TR
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10% Lh b . SR, AR SCHE S 9 35 AN ff e PR Rl 5 O KO RS AEBK DHHH L
B PEAAIG . TGI8 2 AR SRR AR R UG 5 T AN a2 L. | Ly L., 0A AA K
PR Rl A5 30 2 225 [ R RT3 T8 R AF 5 T AN s PR B V| — | — [89.14+0.95(90.63 + 1.09 | 88.27 + 1.02
J7=E AT AT E HEITE 10% 2647 . 25 L St Hou | ¥ | ¥ | — |89.19+1.97|91.00+ 1.80|88.31 +2.12
ISk WMl A5 AR ST A E B S 1 g R nT LA Ston V| — | ¥ [89.23+0.71|91.42 + 0.66 | 88.36 + 0.77
YRR v 1) 0 RN L AT A RBARRANA o 1 VIV |V 893740979128 +5.65]88.52+ 1.05
3.4.2 BRI V| — | — [80.93+0.59|61.93 +5.6966.15 + 0.53
I UEA 25 il & (80 AR ST 4 BT 4 A B _— V| V| — [81.29+0.14 | 63.43 £ 5.82 | 66.50 + 0.70
A4 RS B R B S X A A A A T O T V| — | ¥ [81.67+0.23|66.98«4.15|67.48 + 0.04
U TE T 4R Bl 2 T 2 B A A L S 2 BB 3 4 TR V| V| Y [81.89+£0.30|61.44 +5.16 | 70.18 + 1.02
- ' - V| — | — [75.03+£345|67.99+0.19 | 63.33 633
F ARG T A BRES R FLIE TR P Rl TR e 7 S 7T T T Treerise o908 ccorcos
BER, QRDIMETAREET . HRIATR, MUURL P27y 84.8010.77 64.19:1.74 79.16:1.06
R RS A SO e 2 P RVIERAR A9 7 VIV 85:25:0:58 62:75:4:13 80:15:0:72

B ML, RN 780092 18 20 M 25 3 I B e 1) B A M
B E R TR R . 2 2SR,
IS AL 1 43 JE M RE ISP F LiDAR 5 SAR B2 5 1M
FEARFSE R B N, ARG A R, 0 K B 2 0§27t
1%, AT E MG THRAR . ERSE RIIE T A SR T
AN R T il A ) A 50 SRR 3 2 Y AR A SR T
FURH RS BRI
R4 SESERIRER

YGRS HSI LiDAR SAR OA | Uncertainty
N — — 0.86 0.04
Houston — N — 0.60 0.05
N N — 0.89 0.03
N — — 0.81 0.03
Berlin — — N 0.49 0.03
N — N 0.82 0.02
N — — 0.82 0.13
MUUFL N — 0.66 0.28
N — 0.84 0.09

3.4.3 ARERKEHLILE

Sy B b 6 IE AN [ 53 2 bR B0 AN A 5 A 2
S , 6 5 4 T AR5 % pRESOG 70 SR FE 52 1) 1) A+
KIH AL IR EE . NFe 5 Hhnl 45, ff F 3 4461 2 R BT
Oy R T T . AR RS SUR R R pRER L, I BERT I, PRk
HEON Lo RN Lo B 20 SRS BE AT — 2 (3R T . BOm L,
Jo NG E AR T B B, AnAE MUFFLACIE 4 |, 32
T+ 10% , 7853158 B — S5 2 pRBICLE 29 R A5 AR 2 T
W2 SR —BobE FRCR A b
3.5 KERRKRSH

F6~F 8T MR T 34> A IR £ Hous-
ton, Berlin Al MUUFL 7 AN [6] 43 2 7 ik v i o e 45 3L
HI 34T RN AR I A SR B2 (OA) CEEIREEE (AA)
1 Kappa (K) R 50 3 WM 6 br L g s2ae 25 5L . oo,
OA /R BANR 4 TP W IE A 0 SRR A L], AA 36

NSRBI HE AP IE , Kappa F80UH T AR T
5 BUSRREE 22 0] A — B K . SEER SR A S A AN TR Y
BEALF 7 E A BT, 45 5 I AR ifE 22 1 X

ISR BE S5 R b, ST A T, R 6~3R 8
r AT R 22 MRS SRR AN R T RS T TR AN ] 2 A5
A BB G 0 o JORS B w43 i) A B 89.37%
81.89% £l 85.25%. 5 HoAth 28 L3 T CNN | Transformer
F Mamba YR EE 22 2] J7 5 AH LG, 6246 MFT .CCRNet  Ex-
ViT NCGLF2 # FrIT, B $2& J7 16 09 43 20 B fe vy . 7
Houston £ 5 I, 5 R U CNN H#AE #2077 CCRNet
FINCGLF2 AH Fb , 42 H i) US-MRSD 75 ¥ & /D 42 71 2%.
15 3L T Transformer Al Mamba B J7 E: 45 3] 1 28 0L il 4%
. H Berlin £4ig £ 2850 6 (FFHb) (7 (Fik X)) .8
(7K ) 43 K BE AR 1) JE R 2 45 2 0 1 SR A A BN 3
iy M2 Wi, 26 52850 8 IR R EL 13 305 5
6 672, 25 2 553k 268 642, FHZE PR . X THE
AR ], AN ) 2, s B VI ZRRE A M X B &2
M2 6.7 8 TEVNZREE UM JLAS , F B ALY it 4
XTI BRI R A T RN R B—T L S 62 (K
WER) B T (EIE ) R 8 2 Oy () 43 A Y 3 Rl FL A
K, HLH DB 45015 B0 5N HOE X 3R 2800 1 34
Sk . XA D7 U A X SRR A TR SR A2 B N S TR A
LR IRHAL N R RHAE , H AR AR IR VE ) B, S 3B Al
B4 IEAE EAS I . I T4 1 8RR (R f2) (565 2 2
FX KAL) B3 T X (20 0) 2K 51, A2 50 4
LB % A 2 P TR) T I v 2 M) 00 BT A, R T 2R
PECH A HERRAE , I A A B 25 T 6.7 .8 25 #F
ARBON MG 55 30 2 1 25 18] o0 A 2L [ 2 30T 2800 6.7..8
ARG EE TR

FH AN (] 71 22 A5 2 3 SO 4 2 v R MU
MG AN [, 78 A R BUR B a2 MRl 19 40 28 7 1 h i D
THERNER . R, 7ES2 50 25 S b R4 s i xf Lty
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TEIATRETE . — i, O TR R AN B —
B2 AR JERERE . AR, AR SO B0 285 51 0 A, S iy
9 US-MRSD J7 i A AR UE L ZE WS4 T3 25 182 B[R] IR AS
B PR 3 AT TRTIT 7 P 10~ 12 pAR e X mT 4
I RE TR R B 2 RIS .

10 Hh dse B TR € /0 A DX 8 26 531 8 Rl
D AE AT J5 125 (0 o 2R 85 R KR 2 XK S
AR YA, RO 7 AR 2 XL (R o P2 Wy 28 Tk

FG s B AR, LiDAR SR 22 SR K . o0 2
JA ] T GRS, S S B A R 2R IRE 2R
FEEAR L3 I AR S b g BT, R RO LA 1
AN E P R IFRRAI LiDAR B 25 09 A 1 5 v L AT 5
FNBHERG 0 0 A5 3, 7 2R IE W . 2 RLHE , £ MUFFL
B A rh R R R TR AR 3R X I, B N A 2 8 A
S, 4H 5 A5 BRI L AR SO vk S T b
P S

%6 Houston IBELILER A %
Jrik MFT CCRNet ExViT NCGLF2 FrIT S*cMamba US-MRSD
0A 88.62 + 0.54 81.54 +0.53 88.88 +0.71 87.16 + 1.27 87.14 + 0.82 84.61 = 1.82 89.37 +0.97
AA 87.24 + 1.07 76.19 £ 0.76 88.59 +0.59 88.11 + 1.28 86.49 +0.11 84.28 +1.93 91.28 +5.65
K 87.69 + 0.59 80.00 + 0.58 87.98 £ 0.77 86.11 + 1.38 86.08 + 0.88 83.36 + 1.97 88.52 + 1.05
ESD| 91.70 + 4.63 86.27 + 0.54 85.80 +3.90 89.24 + 6.93 89.69 +5.79 82.98 +4.36 90.72 + 1.90
2502 89.18 £ 4.70 94.88 + 0.68 94.55 + 1.98 96.34 + 2.62 96.62 +2.21 77.97 + 8.97 94.61 +5.64
2851 3 98.99 + 0.61 93.66 + 2.44 96.18 +2.59 98.66 + 1.06 99.70 + 0.32 97.43 + 1.95 95.10 = 7.57
25 4 95.52 + 1.95 91.79 + 0.84 88.63 +2.62 93.27 + 3.82 92.47 +3.39 91.20 +2.77 91.78 +2.26
F505 97.35+2.11 95.04 +0.48 99.44 + 0.45 100.00 + 0.00 93.26 + 8.60 97.02 + 1.14 98.34 + 0.60
%516 60.68 + 6.45 0.99 +0.50 81.66 +7.59 88.32 +5.82 60.40 +9.08 68.19 + 13.14 97.31 +4.25
H 7 88.79 +2.13 83.72 + 1.10 90.18 +5.56 79.50 +5.73 88.87 +2.41 78.58 + 13.60 88.88 +3.97
B 91.94 +2.70 81.97 +0.03 89.89 + 6.80 79.72 £ 5.40 87.68 +2.23 84.13 +7.75 92.64 + 1.67
F519 72.39 + 1.55 61.27 +2.63 83.59 +5.61 66.09 + 10.13 83.55 +5.11 76.48 + 10.01 82.08 +11.83
Z5110 87.93 +3.53 90.76 + 4.35 77.01 + 15.62 87.82 £ 11.45 66.35 + 8.81 78.60 + 4.46 77.96 + 8.41
FH 11 85.76 + 1.59 82.62 +0.58 89.82 + 3.02 87.3 £6.70 89.95 + 1.75 94.83 +2.93 88.79 + 6.45
512 86.77 + 4.08 73.82+0.79 88.06 + 11.46 78.04 = 10.81 7742 +5.74 78.27 +3.58 87.96 + 8.12
2513 65.60 + 10.72 35.79 +5.05 68.41 +9.02 77.61 +7.08 73.31 +£9.78 68.23 +4.40 88.60 + 14.20
25 14 96.44 +2.52 74.93 +10.81 99.71 £ 0.47 100.00 + 0.00 99.19 +0.11 91.88 +4.20 96.80 + 4.10
Fhl1s 99.59 +0.58 95.35+3.43 95.97 +5.82 99.72 + 0.55 98.89 + 1.46 98.46 + 1.23 97.72 +2.33
7T BelinHEEXRER FAT 2 %
WiReS MFT CCRNet ExViT NCGLF2 FrIT S*cMamba US-MRSD
0A 81.78 £ 0.16 77.61 +0.97 79.82 +3.05 81.42 +1.36 81.30 +0.74 78.10 +3.71 81.89 +0.30
AA 61.81 +2.98 50.74 +2.88 53.68 + 8.14 56.24 +2.47 62.22 +3.00 55.79 + 4.67 61.44 £5.16
K 69.39 + 0.35 62.03 + 1.81 65.56 +7.32 69.54 + 1.83 69.18 + 1.18 65.6 +3.93 70.18 £ 1.02
2511 73.42 + 1.63 78.40 +2.40 79.63 = 11.70 84.97 +5.51 79.16 +3.39 7591 £5.30 85.51 +4.37
2002 94.49 + 0.21 91.93 +0.44 93.61 +2.66 9297 +2.79 92.46 + 1.22 88.24 + 8.12 81.47 +3.03
513 56.56 + 3.58 14.56 + 0.88 31.78 + 16.85 34.21 £23.38 38.46 + 8.43 41.05 £ 15.94 77.74 + 9.83
54 82.22 +3.31 75.73 + 1.25 75.32 +15.07 82.55 +3.48 81.42 +3.41 83.51 +9.19 83.23 +2.00
25 80.83 +4.89 80.66 = 7.16 69.79 + 16.70 79.31 +4.88 85.35 £ 6.04 80.32 + 8.42 82.37 + 18.79
2506 29.22 +16.45 7.86 +2.86 5.49 £ 10.46 21.03 + 12.76 29.01 +10.29 24.77 + 26.16 12.86 +26.03
257 14.03 + 1.62 19.05 +2.07 36.41 +7.96 30.91 + 16.94 27.22 +4.19 29.61 + 18.58 39.35 + 8.66
25518 63.67 + 8.08 37.76 + 10.24 37.43 +25.18 23.99 + 19.65 64.68 + 16.96 22.87 +23.91 23.46 +42.37

3.6 EETEERESH

Shy 5 AN ) 5 1k B R A 2 B S 4 (FLOPs
AR ] 3 4R E Y 5 AR X e i R4 T R 1)
XT G, 255N 9 FR

JIr 4 H B US-MRSD J7 i 76 34 B 48 1 S 801K

T 5L T4 Ja) - Ja 0 R L T4 B ) Transformer 573 , 4N
NCGLF2 #l FrIT, 5 45 ¥4 fi] 51 ExViT Fl MFT J7 1 2 % b
T . S8R E 29 5 T 5T Mamba (9 ScMamba 77
. 25T Mamba 19 7 95 AR i3 AT D R IS 260 42 2%
BRI AR SCHR H R 5 75 e S*eMamba 1 2 500 22 1
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Methods MFT CCRNet ExViT NCGLF2 FrIT S’cMamba US-MRSD
0A 83.35 = 1.36 81.00 = 0.33 83.28 + 0.69 81.40 = 1.50 83.66 +2.18 84.24 + 0.85 85.25 + 0.58
AA 5248 +5.47 56.20 +2.19 5243 +4.13 54.62 + 6.54 57.20 + 3.50 58.19 + 4.24 62.75 + 4.13
K 77.57+ 1.89 7441 +0.48 77.49 + 1.06 7531+ 1.87 78.04 +2.88 78.87 +1.19 80.15 = 0.72
251 95.91 + 1.66 95.35 + 0.05 95.70 + 1.36 9321 +2.42 96.18 + 1.92 94.61 + 1.44 94.03 +0.25
e 66.38 + 12.95 64.78 + 4.15 66.47 + 8.37 7325+ 13.32 7334 £7.92 79.24 +7.44 77.69 +5.65
25513 76.40 + 9.62 75.90 + 0.56 7173 12,16 70.56 + 9.83 74.66 + 2.47 69.46 + 10.15 7171+ 1.17
54 43.01+1854 | 57.33+1297 41.70 + 8.56 55.23 +27.51 75.43 +9.13 58.14+21.77 | 70.23 +35.63
55 87.25 +2.90 83.82 +2.52 89.77 + 2.37 81.23 +8.51 84.62 + 6.76 90.78 = 2.76 7391 = 1.74
%516 11.30 + 14.63 55.91+0.26 6.78 +9.21 23.31 +38.29 7.12 + 14.23 17.58 3276 | 38.62+47.36
2507 61.10+10.54 | 31.94+20.15 | 59.11=11.17 65.34 + 8.62 72.89+9.16 65.75 + 5.05 80.72 + 3.39
258 91.47 +3.93 86.88 = 0.40 9431 + 1.44 90.91 +3.51 81.53 £9.54 93.23 +3.41 93.56 + 3.27
J59 30.68 + 19.07 7.72 +0.84 3427 +8.11 12.50 + 8.16 25.81 +7.61 19.04 = 10.36 47.58 £9.77
K 2.28 +3.68 492 +4.31 2.15+2.82 1.44 £ 1.80 10.91 = 8.74 5.81 +6.86 20.74 + 39.66
11.48 +19.22 8.57 £29.28 1475 £2036 | 33.79+£32.65 | 26.75+25.18 | 46232608 | 59.09 +48.28

(a) HAHA ) MFT ) ExViT ) NCGLF2 (e) FrIT

PZ] 10 Houston i‘ﬁ(‘}}é’.ﬁi{t?@l‘q‘ XA 4 2t SR

() S’cMamba (g) US-MRSD

(a) EAHIE

(d) NCGLF2

(e) FrIT (/) ScMamba (g) US-MRSD

B 11 Berlin SRR X /3245 1

(¢) ExViT

AF MBS () £ 32 50 #T , 76 Berlin B8 45 - 1 S 4 2
B} [E]4 A 406.34 s, 3¢ S*eMamba J7 1: 18 525.74 s 45 /8 24
23%. XKW, ﬂ‘jCLLLE*FirJT/\HL‘Fﬁ'J AR E PR
[ AT R4 1 b S5 5 2R B, AU 1R I T) N 2 8
i 3 %ﬁ%m(@(ﬁ P55 52 I

4 én TE

BEXT BUAT 2 A8 A 1 R 0 28 05 VA AR Y T 245

(d) NCGLF2

(e) FrIT
[ 12 MUUFL &4 AR Xy 32545 1

(/) S*cMamba (g) US-MRSD

SN M AR SO T — R AN B e LA 2
L2518 B 0 2 AE 2R . US-MRSD MUEHE T 8 27 2 11
A R BRGPEHUR [RBLA (& AL B s Bl
WO IR B G A 55 ) 1Y 2 )RR 5 A G
TIE, AL X 7 A TIEHE A 28 P 2% . sl 3 e TR P TE B
flG R, SEEL T B TR E B ARG . AERL G
R, 51 o B Y S S A P A AL A H ST
T 38 0L b B ARG b SRS A B, s 7 HE 40 e I 4l T
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. i NC- S | US-
T L MFT | ExViT FiIT
SR GLF2 Mamba | MRSD
Houston 0.32 | 028 | 0.64 | 433 | 0.12 | 029
— M
Berlin | | 040 | 028 | 064 | 432 | 012 | 03
| =
MUUFL 0.26 | 027 | 0.64 | 433 | 0.12 | 029
Houston 027 | 1.04 | 09 | 35 | 026 | 1.64
Berlin |FLOPs/G| 045 | 1.05 | 09 | 45 | 026 | 1.84
MUUFL 012 | 1.04 | 09 | 27 | 026 | 1.50
Houston e 444 | 1181 | 7.04 | 10.16 | 11.18 | 7.82
Berlin lﬁﬁ/ 224.39 450.15 | 201.37 | 501.72 | 525.74 | 406.34
L T
MUUFL 7.32 | 095 | 21.92 | 22.75 | 22.09 | 9.16

i, DT A 255 RA AL 000 45 SR AN o 1 . A, AR SCHE A
RISHAR AT R 5] — SRR PR, AR S
T 25 SR () — B0k . Sl SRR A AR SCHRE S 4 T 1) AN
B 2 PR L 110 A2 SRR 0 S R R AR o0 2OKG E
FTEN T, 5 H A E A 7 =CH EE, US-MRSD J ik e 50238
K WS AR TH A DL T B 8 M 2 D R AR 5%. S
5 SUE B T US-MRSD B4 %P, o0 Z2 8 5000 mib 5 4
HET R LB . ROk A SOR i — 2 TR 2R
s Al-G AL ST, IR R AR R IR Al SR, LA
I X B A 4 1Y) 2 IS S | i — AP AR TR R XN
IR B B 2 55 11 3 1 g

S 3k

[1] SUN X, TIAN Y, LU W X, et al. From single- to multi-
modal remote sensing imagery interpretation: A survey
and taxonomy[J]. Science China Information Sciences,
2023, 66(4): 140301.

[2] ZHAO X D, ZHANG M M, TAO R, et al. Fractional Fouri-
er image transformer for multimodal remote sensing data
classification[J]. IEEE Transactions on Neural Networks
and Learning Systems, 2024, 35(2): 2314-2326.

[3] KIEU N, NGUYEN K, NAZIB A, et al. Multimodal cole-
arning meets remote sensing: Taxonomy, state of the art,
and future works[J]. IEEE Journal of Selected Topics in
Applied Earth Observations and Remote Sensing, 2024,
17: 7386-7409.

[4] HONG D F, LI C Y, ZHANG B, et al. Multimodal artifi-
cial intelligence foundation models: Unleashing the power
of remote sensing big data in earth observation[J]. The In-
novation Geoscience, 2024, 2(1): 100055.

(5] BUKLL, 287 ZURBSUARG R B G 32K 5K
Por R TE BB 0], IDUR 4 (R BB ),
2001, 26(5): 430-434.

JIA'Y H, LI D R. An approach of classification based on

pixel level and decision level fusion of multi-source imag-
es in remote sensing[J]. Editoral Board of Geomatics and
Information Science of Wuhan University, 2001, 26(5):
430-434. (in Chinese)

(6] BKRB, MM . 28 BB Bl i U e S TIE D). 2B ey
2, 2016, 20(5): 1050-1061.

ZHANG L P, SHEN H F. Progress and future of remote
sensing data fusion[J]. Journal of Remote Sensing, 2016,
20(5): 1050-1061. (in Chinese)

[7] WU X, HONG D F, CHANUSSOT J. Convolutional neu-
ral networks for multimodal remote sensing data classifica-
tion[J]. IEEE Transactions on Geoscience and Remote
Sensing, 2022, 60: 5517010.

(8] AFHE, EAEE, M BEE, 45 . 18IS B REAR I B

Bt 5 R, b R (R BRES), 2023, 53(8): 1529-
1559.
FU K, WANG P J, FENG Y C, et al. Cross-modal intelli-
gent interpretation of remote sensing: Model, data and ap-
plication[J]. Science in China (Information Sciences),
2023, 53(8): 1529-1559. (in Chinese)

[9] TU B, REN Q, LI J, et al. NCGLF2: Network combining
global and local features for fusion of multisource remote
sensing data[J]. Information Fusion, 2024, 104: 102192.

[10] LIJ X, HONG D F, GAO L R, et al. Deep learning in
multimodal remote sensing data fusion: A comprehensive
review[J]. International Journal of Applied Earth Observa-
tion and Geoinformation, 2022, 112: 102926.

[11] YANG B, WANG X, XING Y, et al. Modality fusion vi-
sion transformer for hyperspectral and LiDAR data col-
laborative classification[J]. IEEE Journal of Selected Top-
ics in Applied Earth Observations and Remote Sensing,
2024, 17: 17052-17065.

[12] ROY S K, DERIA A, HONG D F, et al. Multimodal fusion
transformer for remote sensing image classification[J].
IEEE Transactions on Geoscience and Remote Sensing,
2023, 61: 5515620.

[13] YAO J, ZHANG B, LI C Y, et al. Extended vision trans-
former (ExViT) for land use and land cover classification:
A multimodal deep learning framework[J]. IEEE Transac-
tions on Geoscience and Remote Sensing, 2023, 61:
5514415.

[14] LIY S,LID X, XIE W Y, et al. Semi-mamba: Mamba-
driven semi-supervised multimodal remote sensing fea-
ture classification[J]. IEEE Transactions on Circuits and
Systems for Video Technology, 2025, 35(10): 9837-9849.

[15] ZHANG G L, ZHANG Z X, DENG J W, et al. S’Cross-



4278 H, ¥

o
==

il 2025 4F

[17]

[19]

[20]

Mamba: Spatial-spectral cross-mamba for multimodal re-
mote sensing image classification[J]. IEEE Geoscience
and Remote Sensing Letters, 2024, 21: 5510705.

MA M R, ZHAO J X, MA W P, et al. A mamba-aware
spatial-spectral cross-modal network for remote sensing
classification[J]. IEEE Transactions on Geoscience and
Remote Sensing, 2025, 63: 4402515.

WEN J G, WU X D, YOU D Q, et al. The main inherent
uncertainty sources in trend estimation based on satellite
remote sensing data[J]. Theoretical and Applied Climatol-
ogy, 2023, 151(1): 915-934.

WOODCOCK C E. Uncertainty in Remote Sensing[M]//
Uncertainty in Remote Sensing and GIS. Hoboken:
Wiley, 2002: 19-24.

KOLLER C, SHAHRAD M, ZHU X X. Uncertainty-
guided representation learning in local climate zone clas-
sification[C]//IGARSS 2022-2022 IEEE International
Geoscience and Remote Sensing Symposium. Piscat-
away: IEEE, 2022: 183-186.

XUY H,BAIT, YUW K, et al. Al security for geoscience
and remote sensing: Challenges and future trends[J]. IEEE
Geoscience and Remote Sensing Magazine, 2023, 11(2):
60-85.

E&E &I

i RR 20, 19944F 1 7 A TR A 5
FEWE IR . BN R Tl R SRR B .
B S (7] O 388 S P (5 RE AL

E-mail: hexin1@hit.edu.cn

FRMET  93,19784F9 A Mk T/ & 15 I
. BRI R Tl K2E 3z AR S 3=
TG D5 1] Ay 32 S PR AR A B R TR B 2 5 B R
S .

E-mail: chenyushi@hit.edu.cn

(21]

[22]

[24]

[25]

[26]

ZINNER T, HAUSMANN P, EWALD F, et al. Ground-
based imaging remote sensing of ice clouds: Uncertain-
ties caused by sensor, method and atmosphere[J]. Atmo-
spheric Measurement Techniques, 2016, 9(9): 4615-4632.
HAN Z B, ZHANG C Q, FU H Z, et al. Trusted multi-
view classification with dynamic evidential fusion[J].
IEEE Transactions on Pattern Analysis and Machine Intel-
ligence, 2023, 45(2): 2551-2566.

HAN Z B, YANG F, HUANG J Z, et al. Multimodal dy-
namics: Dynamical fusion for trustworthy multimodal
classification[C]//2022 TIEEE/CVF Conference on Com-
puter Vision and Pattern Recognition. Piscataway: IEEE,
2022: 20675-20685.

HAN Z B, YANG Y F, ZHANG C Q, et al. Selective
learning: Towards robust calibration with dynamic regu-
larization[EB/OL]. (2024-07-14) [2025-11-10]. https://
arXiv.org/abs/2402.08384.

RUSSELL R L, REALE C. Multivariate uncertainty in
deep learning[J]. IEEE Transactions on Neural Networks
and Learning Systems, 2022, 33(12): 7937-7943.
TYRALIS H, PAPACHARALAMPOUS G. A review of
predictive uncertainty estimation with machine learning[J].
Artificial Intelligence Review, 2024, 57(4): 94.

/R 519774 12 A TR
HEARLTH . BRI T KR 5E AT
Resp B AR Ul ST o R
BB S AR TR G R 2 Y AR SR S
AR GE .

E-mail: guyf@hit.edu.cn

KR &, 19904F 12 H B FRIpITE
W JREETH . BN IARIE Tl KeEm P 5B T
FEFBEAFIT A AR 0. EEHE k£
MRS B AL . P E BT ES S R RS
£190025027M.

E-mail: tzliu@hit.edu.cn



