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Abstract ; In the joint classification of multi-sensor remote sensing data, such as hyperspectral images (HSI) , light detection and ranging
(LiDAR), and synthetic aperture radar ( SAR), differences in imaging mechanisms and measurement characteristics often lead to
insufficient feature extraction and limited collaborative utilization. To address these issues, this paper proposes a cross-sensor frequency-
aware fusion network ( CFF-Net) that integrates frequency-domain feature fusion with a hyper-connection mechanism. From a frequency-
domain perspective, the proposed method characterizes the complementary relationships among multi-source observations, enabling the
collaborative modeling and effective fusion of heterogeneous sensor features. In the feature extraction stage, a multi-dimensional feature
perception encoder is constructed to jointly model high-frequency local detail information and low-frequency global structural information
in parallel, thereby achieving complementary representations of different sensor observation characteristics. In the feature fusion stage, a
cross-sensor hyper-fusion module is introduced, combining the hyper-connection mechanism with frequency-based self-attention to realize
adaptive alignment and collaborative enhancement of multi-sensor features in the frequency domain, thereby improving the consistency

and discriminability of the fused representations. Extensive experiments are conducted on three public multi-sensor remote sensing

datasets; MUUFL Gulfport (MU) , Houston 2013 (HU) , and Augsburg (AU). The results demonstrate that CFF-Net achieves overall
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accuracy (OA) of 92.23%, 93.51%, and 91.54% , alongside average accuracy ( AA) of 92.05% , 93.77%, and 64.81%,
respectively, significantly outperforming all compared methods. With only 0.30 M parameters and 60.55 M FLOPs, the proposed

method achieves a favorable balance between classification performance and computational efficiency, validating its effectiveness and

applicability in multi-sensor remote sensing data collaborative classification.
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JRy R ETF SCHE SCRRIRAR A SR A R R B

X — 28 5 R e AR B KA TR I T R
fili, ITAESR B4R 5EF CNN-Transformer 15 2245 A
ZASARAE SR G B2 | 00 5 3l S 3 v (A 15 8 b ) G
T, JHE A A AR [ 3 7 % S AL Y i 22 A% R R A il
AR Xy ik i o ) B e i AR MR S 2
[FARAE 2R | hy A% TR 3 B AR W R IR A 5 24t
BT RSB ERAR

AN EFXHRIZE CNN-Transformer 1R 4 W 25 75 2kt
T v R B TR PR 1A% 228 3503 5 R P IR, A S A
AR ZEAZHLH ( hyper-connection, HC) 20 b 55 5% 2% % 1
HEATHRE . ZHL 8 o i E P 2 S B B SR TR G R 4
SR N | Z AR RGBS R R AR, A T
PEFH PN it VERRRE S TIR0R
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Fig. 1 Network architecture of the proposed CFF-Net for the collaborative classification of multi-sensor remote sensing data
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TR TR BET] 43 B 45 FX ( depthwise separable convolution,
DWConv) JE 48 5 3 ( squeeze-and-excitation, SE) FE
FTIHL A A J 42 )Ry 5% & M 4% ( global relation network,
GRN) , SEBL 1 AL A e SRR A 5 Ry AN A e iE 2
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FHTF A SE sy > 31 ()38 8 15 B T R S E 4E i | LA
TN S SEAL P

F, = GELU(BN(Conv,,,(Fg))) (5)

G, FRIE P G0l — M AR 22 E 1 3x3 1Y
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G0, B T JR sz B ) R ], DA B 4 T b e AiE
i 37 S MU S B 23 TR A R S R TR,

F, =DWConv,,,(F,) + F, (6)
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Fig. 3 Network of HC-Transformer
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T8 BE AR Y 24 B, A ASE TR B 6% T 3 43 b R B 2R R AE A
K DT T X AR AT 4 Jy MR OC - K it X B BT S04
Y LR AL e
1.3 BESfEEEREEE Transformer
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TEZ45K) |, SHF-Former UL MFPE % H B 22 TR A AF
Sl IR G R 2 2] T O A [ AL SR R AR AT
fil & HA, SHF-Former LA MFPE i i ) 22 YRR AIE O i
A, 7£ HRC-Former AYFER I 4 /& H i%E H2HLHI , OF 5 40035
TERIIARES G, NG AL J2 5 00 35l 22 A 4 32 512 305 4 J%
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Table 1 Description of the multi-model datasets.

Bl gE MU HU AU
1B IEAR Y HSI, DSM HSI, DSM HSI, SAR
iH E 64,2 144, 1 180, 4
B R 325%220 349x1 905 332x485
WIGFEA LR 1100 2 832 761
AW E 22N § Y 52 587 12 197 77 533
251 11 15 7

MU %4 4 B ITRES CASI-1500 75 0% % A2 1% 5
Optech ALTM #0735 {0 4E 2R — i 25 % & Rl 20 3R B
SR [X 5k oy 5 [ 2% 94 PG Lb M, HST D6 3% 75 [ ok 375 ~
1050 nm , 28 25 BRAGAR M LU 6 B 5 PR B8 64 N 50D Bt
Bl 2R A e AR R AR IE K LT e v T A B 25 (] RLA
h 325%220 1470, T R FEREES 1.0 m, 55 11 28 8L Ik
b, PTIALEE SR ILE S ek 2,

(© VIGHEEE  (d) MR

(a) HSHEME  (b) LIDAR-DSM
(a) Pseudo color  (b) LIDAR-DSM (c) Training (d) Test samples
of HSI samples map map

K5 MU SR i) th s o B A e e A
Fig.5 Pseudo color map and ground-truth map of MU

HU 30842 NCALM T 2013 AF b AR 8 i A 2% 4 el
e JE 21 X3 AT T AT 45 3R I, 4 B HST(ITRES CASI-
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Table 2 Land cover class details in MU dataset Table 3 Land cover class details in HU dataset.

25 Bl i ESPA YIgrRgio:  sc: ESlE B[P YIgrRgio:  Iasc:
Cl BEA ( trees) 100 23 146 Cl {it FRECHY (healthy grass) 198 1053
c2 4 X I (mostly grass) 100 4170 2 M HEH (stressed grass) 190 1,064
C3 {ﬁgﬁiﬂjﬁ%( mixed ground surface ) 100 6 782 €3 AR synthetic grass) 192 505

. . c4 A . 188 1 056
c4 Y84 ANYbHi ( dint and sand ) 100 1726 FIA (trees)
cs5 142 (s0il) 186 1 056
c5 3f % (road ) 100 6 587
c6 JKAK (water) 182 143
c6 vater 100 366 .
K Cater) c7 15 X (residential ) 196 1072
A Bl O
Cc7 YIS (buildings shadow) 100 2133 c8 Rl ( commercial ) 191 1053
C8 Efﬂk%( buildings) 100 6 140 c9 $E % (road) 193 1059
C9 NATiE (sidewalk) 100 1285 C10 I3 (highway) 191 1 036
C10 O FE 2% (yellow curb) 100 83 C11 K% (railway) 181 1 054
Cl11 A B ( cloth panels) 100 169 C12 1543 1 (parking Lot1) 192 1041
P 1 100 52 587 C13 {57237 2 (parking Lot2) 184 285
Cl14 MERIZ (tennis court) 181 247
C15 #38 (running track ) 187 473

1500,380~1 050 nm, 144 3 E¢) 5 LiDAR ( DSM ) P i %
it 2832 12 197

TSR, BURZ UG IE 5 FR AR, 25 M HLE Sy 349
1905 1470, M T RAEFEES 2. 5 m, 55 15 2898 by, ]
WALEE R ILIE 6 K3 3,

(a) HSI R0 (b) SARYEAE ©) VILEERE

(a) Pseudo color (b) Pseudo color (¢) Training samples
i of HST of SAR map
O Pendocoor () LDARDSM () Temng (0T sampls 47 AU B 00 €14 R
of HSI samples map map Fig.7 Pseudo color map and ground-truth map of AU
K6 HU $dute iy thw e FEfE K
Fig. 6 Pseudo color map and ground-truth map of HU x4 AUBIBSEHERNFE
Table 4 Land cover class details in AU dataset
AU KCHE A X 57 0 AR B4R R ST g Fp F -
(HySpex VNIR-1600,400 ~2 500 nm, 180 J%Bt) 5 SAR ClL FIA (trees) 126 13 361
(Sentinel-1, $2H0 VV/VH WAk 5% & AR Ak 13 7 25 5 B 52 @ TEEIX ( residential area) 264 30 065
BB HEERAL 4 ANFRAE ) P FR AL AR BE . B 20K 2 L C3 Tk IX (industrial area) 21 3 830
eSS HOR A, A5 (8] BLRS SR 332485 5T, Ml T SR AL I 5 c4 (R (low plants) 248 26 609
30.0 m, i 7 A, AT AR R UK 7 S5k 4, C5 /N (allotment ) 52 523
2.2 LBTERBE 6 DI IX ( commercial area) 7 1 638
SCH 3T Ubuntu 20. 04 Z %%, B ££7i0 % NVIDIA <7 A (water) > 1307
#it 761 77 533

Quadro RTX 6000 GPU 5 Intel Xeon E5-2640 v4 CPU ,fii
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FH Python 3. 10 55 PyTorch 2. 5. 1 HE4L, IZ:Z 8% & 4n
T . #t K/ (batch size) g 64, YIZEEETR 500, 1|25/ B4
Feil 8 22 Pk g AdamW | 24 3] ZRIF S ME M cosine 1B
K AR R Sx 107 BRI AR 0. 1,
2.3 LEXLL RS
1) A3 2675 B0 1
SR U UE T SRS R A 22 P A% [t 1R SR B ) 43 2R AT:
55 R A R AR Sk i 2 i B AT SR 1Y e ok 1 Ry
K EANE RN L IEUE . Two-Branch™ F1 EndNet™ 3% F %L
53 35 G R 25 4 L S 30 22 A% R A R AE R 5 MDL-
Middle " 38 s v i) 2 il 45 96 568 A4 S D I 5 2200 7 2
K Fl & M 4% ( multi-attentive  hierarchical fusion net,
MAHIDFNet) ' 5 A Z 83 18 15 2 46 3% HeplL il LA Ak
FHE A H; KR AR Tl S 5 HE BUAE 48 ( feature fusion and
extraction framework , FusAtNet) ™ ] {1 & 1 53 X
TH R A2 0] GRS RRAE 5 2 THRB X B2y > 19 4y
K ( coupled adversarial learning based classification,
CALC) "B BxHLaF 2 S Ak A% A8 X 5 5 7] 4y B sh 8 4
A AR 22 W 4% ('separable dynamic grouping convolution
ResNet50, SepG-ResNet50) ' 75 B0 45 BUHE 42 F $2 7145
HEFRILAE ST ExViT! 5 DSymFuser[m U FEF Transformer

SR S G SR AR AR A VR E Rl A s MCFNet ™ 3 i )
Z )RS ET  HE— PRE T HSI 5 LiDAR ¥
TEANTA] 23 (8] 3 HEAR N B BLAM: 5

SR AR 2K (overall accuracy , OA) 1Y
¥5 ¥ (average accuracy, AA) Fl Kappa ZR % (K) 1E M558
WM RIS . o, OA FORBERILE P A MR A rh IE B 43
RAFEAE 7 SAEAE Y o fgi) ] T A 6 R 43 SR e
AA MR 22000 53 SR B 1) - (L, S AR R 7R AN [) 28 )
(] P P-4 P 5 Kappa 72 $50H T PFAG 43 28 45 5 5 b i) 52
B2 Z 18] — 2Pk, BE % S o 2 00 b s IR A B ) 512 B )
B

RS~THM T 3 ADEARE BTk p KR
CFF-Net /£ MU, HU #1 AU %045 % %9 OA 43 5l
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Table 5 Comparison of classification accuracy of different methods on MU dataset (%)

S]] T EndNet MPL- - MAHIDE - Fust CALC SepG- ExVit DI CRNet  CFF-Net

Branch Middle Net Net ResNet50 Fuser

C1 90.29 83.55 87.31 89. 87 80. 36 91.97 86. 78 92. 64 91.24 90. 75 94.79
Cc2 75.68 79.38 76.38 63.19 73.57 81.77 78.47 77.48 79.57 66. 76 81.15
C3 69.71 76.28 68. 33 75. 85 68. 24 77.56 71.20 82.07 82.23 91.24 85.37
C4 93.97 87.08 78.74 96. 18 70.74 95.19 89.98 93.74 89.17 96. 29 95.54
C5 91.79 89.59 83.76 88.52 80. 95 89. 19 76.38 90. 28 85. 60 85.97 92.90
C6 99.73 95.90 88.52 85.25 81.15 100. 00 99.73 99.73 100. 00 99. 45 99.73
C7 91. 84 88.28 92.12 92.72 89. 40 95.17 91.70 91.47 91. 80 94. 33 96. 11
C8 94.79 92.07 89. 69 95.44 87.92 96.91 87.31 97.48 96. 29 97.35 96. 91
C9 72.30 76. 96 77.04 75. 80 77.98 69. 81 69. 88 73.54 77.12 75.49 78.52
C10 96. 39 95. 18 86.75 91.57 78.31 95. 18 90. 36 93.98 91.57 95. 18 91.57
Cl11 97. 63 97.63 99. 41 99. 41 99. 41 100. 00 99. 41 99. 41 100. 00 99. 41 100. 00
OA 87.03 84.33 83.54 86. 45 79.24 89. 31 82.90 89.94 88.78 89.13 92.23
AA 88. 56 87.45 84.37 86. 80 80.73 90. 25 85.56 90. 17 89. 54 90. 20 92. 05
Kx100 83.10 79. 85 78. 84 82.37 73.81 86. 05 77.94 86. 82 85.37 85. 80 89.76

A E LA CFF-Net 0953 2PERE , 48 3C#E MU \HU K&
AU 3 A FEMERIEAE BT T AT X FE S0, 45 5145 51
WK 8~10 Fryn ., BV F , CFF-Net Az i 7325 K #E

DX b T AT I (S, 5 S 0 S ) A )
JEE B R 5 TGS L 5V 7 3 490 30 5 Ak 5 3 A A A DA AR Dy i
AR E, 2 — BRI AL, BARORE 1
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Table 6 Comparison of classification accuracy of different methods on HU dataset (%)

g pave MO MAHDE RS e Y i Y™ MoeNe cRFNe

Branch Middle Net Net ResNet50 Fuser

Cl 82.90 81.58 83.10 82.91 80.72 86.51 72.36 81. 67 80. 06 82.91 83.10
Cc2 84.31 83. 65 85.06 84. 68 97.46 84.59 77.35 100. 00 78. 67 100. 00 100. 00
C3 96. 44 100. 00 99. 60 100. 00 90. 69 90. 50 34. 85 99. 01 99. 41 93. 66 97.43
C4 96. 59 93.09 91.57 93.37 99.72 91. 86 86. 84 98. 96 95.55 98. 67 98.39
C5 99. 62 99. 91 98. 86 99. 43 97.92 100. 00 91. 38 99.91 98. 67 99.72 99.91
Co6 82.52 95.10 100. 00 99. 30 93.71 99. 30 95.10 100. 00 95. 80 95. 80 88. 11
C7 85.54 82.65 97. 64 83.58 91.98 88.71 81.62 93. 28 87.22 93. 84 90. 67
C8 76. 64 81.29 88.13 81.96 85. 19 83. 19 61.73 89.27 85.85 95.25 87.75
C9 87.35 88.29 85.93 83.76 85.93 91. 60 86. 31 89. 42 93.29 89.24 90. 46
C10 60.71 89. 00 74.42 66. 41 69. 50 65. 44 46. 26 71.33 67.95 86. 10 87. 84
Cl1 90. 61 83.78 84.54 74.57 85.48 95.92 69. 35 92. 88 79.13 96. 68 99.53
C12 90. 78 90. 39 95.39 88. 38 89. 15 90. 78 86.94 89. 63 91.07 89.72 92. 60
C13 86. 67 82. 46 87.37 88.42 77.19 91.93 78.25 89. 47 84.21 85.96 91.23
C14 92.31 100. 00 95. 14 100. 00 84.21 94.74 87.04 99. 60 99. 19 100. 00 100. 00
C15 99.79 98. 10 100. 00 100. 00 87.53 100. 00 18. 82 97. 89 100. 00 98.73 99. 58
OA 86. 68 88.52 89.55 85.87 88. 14 88. 84 72.67 91.57 86. 37 93.47 93.51
AA 87.52 89.95 91. 05 88.55 87.76 90. 34 71.63 92.82 88.40 93.75 93.77
Kx100 85.56 87.59 87.59 84.76 87.12 87.92 70. 40 90. 85 85.29 92.90 92. 96

KT AUHBRBESEARRAFENDEBEITLL

Table 7 Comparison of classification accuracy of different methods on AU dataset (%)

%5 - EndNe Db MATIDE s CALC SepG- ExVit DI \CRNet  CFF-Net

Branch Middle Net Net ResNet50 Fuser

Cl 92.21 94.21 91.72 95.27 90. 59 93. 81 92.83 93. 64 90. 58 95.22 93.77
Cc2 95.41 86. 08 95.19 96. 84 91.07 95. 69 92.90 97.71 96. 32 98. 82 98.22
C3 27.75 27.29 62.61 62.22 56.96 90. 99 60. 89 65. 82 72.45 49. 84 79.11
C4 85.27 92.75 87.76 86.27 85.08 94.79 73.03 84. 88 89. 65 91.39 93.36
C5 38.24 22.94 50. 86 52.33 12.59 30. 40 34.99 46. 85 62.91 52.77 31.55
Co6 3.42 23.91 24.24 28.45 14. 11 2.63 4.00 24.54 17.22 21.06 8.61
Cc7 17.98 55.78 29. 04 13.87 14. 64 21.96 16. 59 24.49 13.27 38.35 49. 04
OA 84.20 84.59 87.74 87.94 80. 45 90. 99 80. 50 87.72 88.35 90. 10 91.54
AA 51.47 60. 47 63. 06 63. 61 54.20 61.47 53.51 62.56 63.20 63.92 64. 81
Kx100 76.92 77.78 82. 69 82.83 72.91 87.07 80. 50 82.49 83.36 85.77 87.81

MU B4 |, CFF-Net % trees 2525 51| 4 371 52 21 il 3 Ky residential area 5% KT B2 I (% 10 FL 58 6 B O MERR, b
K HG TR b T R buildings shadow S 5H 2 H PR RZE B | CFF-Net TE = SN T AR | 22 I S O
WA IXER S 78 HU Bl 48 L, CFF-Net X railway 552k [WIRLG 7 HIIEA 25 00, 50 900 hiots 4 H 3% 5109 4
PRI TSI 25 RS M 7 AU BHE 4R I, CFF-Net XF #1801,
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Fig. 8 Classification results of MU dataset
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Fig. 11  Effects of image patch size on three datasets

Mo, 25 37 BIAE Attention FHEH S FEN Hi5] A HC 4544 *8 BEEEMAEARRERSNIER

PEATRT L SE 5, 45 R a3 8 [, Attention-HC L& ( B 7E Table 8 Effects of the HC structure in different modules
Attention BLH 5| A HC £544) 76 MU I HU Bds4E 143 HC 0A/%

S 92. 23% F193. 51% A HRciar OA , BRI AR SORF HAE Attention FEN MU HU AU

AT E ; BAR AU BE4E | FFN-HC Bk, 18

x x 90. 98 92.98 90. 25
AR EESZIE S, &A% Attention-HC 1E v
. x 91.23 93.06 91.83
ME—FLE TR,

Vv X 92,23 93.51 91.54

SHE—EAE HC 259 7F Transformer #5830 Py 35K Y B
PEHCE, AR SGE I -SNE 7] 94k 4 B X SE e 25 SR kAT T vV vV 91.63 93. 18 91.25
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Fig. 12 Visualization Results of t-SNE on three datasets
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1 N BB FR A IR IR ISR S s, B AL A R 2R
FEIEHALHAT B T HGRFE I B RE ) SR BE 21 s

RS & T ORI B R D1 R, . AU, % SR
2.4 HEERHENT FEHENE (Feish) [1]. £0AMS5WOE TR, 2019,48(3) :9-
AR IR E s B A (FLOPs ) M3 & ( Param ) 1 3.
RN 8 25 R N3k 9 B LISH Y, LIU ZH W, LIU K, et al. Advances in
%9 RE4H LR FLOPs F1S 54582 (M=10°) application of space hyperspectral remote sensing
Table 9 FLOPs and parameters of different classification (invited) [ J]. Infrared and Laser Engineering, 2019,
models( M =10°) 48(3): 9-23.
i Param/M FLOPs/M [2] XUvE, &k, Foi, 5. X2 3 454 DenseNet 1)
— " S R QIO Sy [)). 6% B % TR, 2005,

33(23) :3737-3753.

EndNet 0.09 0.09
LIU CHY, ZHAO L, YU L, et al. Contrastive learning
MDL-Middle 0-10 528 combined with DenseNet for open-set classification of
MAHIDFNet 71.00 155.00 hyperspectral images [ J ]. Optics and Precision
FusAtNet 36. 90 3 460. 31 Engineering, 2025, 33(23) .3737-3753.
CALC 0. 30 28.79 [3] ZHANG MM, LIW, DU Q, et al. Feature extraction for
SepG-ResNet50 14.70 43,28 classification of hyperspectral and LiDAR data using
patch-to-patch CNN [ J]. IEEE Transactions on Cyber-
ExVit 0.20 104. 56
netics, 2020, 50(1) :100-111.
DSymFuser 0. 80 78. 54 .
[4] LYUPY, WU W J, ZHONG Y F, et al. Review of
MCFNet 0.30 39.32 . ) , o
vision transformer models for remote sensing image scene
CFF-Net 0.30 60. 55 classification [ C ]. IGARSS 2022-2022 IEEE Inter-
national Geoscience and Remote Sensing Symposium.
FH % 9 T 41, MAHiDFNet ( 77.00 M) Al FusAtNet Kuala Lumpur, 2022 2231-2234,
(36.90 M) 2 K, FusAtNet HJ FLOPs 7} e [5] LIJX, HONG D F, GAO L R, et al. Deep learning in
3460.31 M, i8S 83w T IHAR 775, CFF-Net 92 multimodal remote sensing data fusion: A comprehensive

Hrit 9 0.30 M, FLOPs Jy 60.55 M, 5 2 4 ik Afl X4 (19 review [ J ]. International Journal of Applied Earth
CALC(28.79 M) Fil MCFNet (39.32 M) ffl IL, FLOPs Wit Observation and Geoinformation, 2022, 112.:102926.
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CFIF-Net FERURL R B HE 55 0 AL RE < RISCHL 543 5000 (ST A LIDAR S B FLAA 555075 1],
i, P el TSI

IUFHNER AR, 2025,46(8) :286-301.

R WU H B, ZUO Y Y, WANG AI L, et al. Collaborative
3 5 it . . .
classification method of hyperspectral image and LiDAR

S 24 RS RO T DR A2 LR S 1 o % data based on CNN combined with Transformer [ J ].

PR 2 5 S B A S A R — B ) AR SR T Chinese Journal of Scientific Instrument, 2025, 46(8) .
B A i A5 A 1L 90125 1 2 ‘0L
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PR A2 JIE 4, CFF-Net 7€ MU .HU il AU 3 4k YT L2 2T 1 OGS 5 LiDAR Rl 42500 ]. e
P 143 BIHS 92, 23% (93 51% 1 91. 54% M 4432 Hi# TR, 2024, 32(7) : 1087-1100.

KB TEDREE 0. 30 M SR I R g /) T 5280 T 1 g WU H B, DAI SH Y, WANG AI L, et al. Collaborative
SR . MBI EAVEALE —E R R AR classification of hyperspectral and LiDAR data based on
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