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Abstract: To tackle the challenges in multimodal classification tasks involving hyperspectral images (HSI)
and LiDAR data, such as cross-modal information expression and feature alignment, this paper introduces
a contrastive learning-based multi-branch CNN-Transformer network (CLCT-Net) for the joint classifica-
tion of hyperspectral and LiDAR data. Initially, CLLCT-Net employs a feature extraction module with a
ConvNeXt V2 Block to capture shared features across different modalities, addressing the semantic align-
ment issue between data from heterogeneous sensors. It then develops a dual-branch HSI encoder with spa-
tial channel and spectral context branches, alongside a LiDAR encoder enhanced by a frequency domain
self-attention mechanism, to secure more comprehensive feature representations. Lastly, it leverages en-
semble contrastive learning for classification to further refine the accuracy of multimodal collaborative clas-
sification. Experimental evaluations on the Houston 2013 and Trento datasets demonstrate that the pro-
posed model excels in extracting and integrating cross-modal data features, achieving superior ground ob-
ject classification accuracies of 92.01% and 98.90% , respectively, when compared to existing models for
classifying hyperspectral images and LiDAR data.
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Tab.2 Land class details in Trento dataset

Class name Train num  Test num Color
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Highway 191 1036
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Tennis court 181 247 -

Running track 187 473
Total 2832 12 197
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Fig. 5 Pseudo color map and ground-truth map of Hous-
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Class name Train num  Test num Color
Apples 129 3905
Buildings 15 2778
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Total 819 29 395

(a) HSIFY{H®  (b) LIDARKY (o) YIZRFEAR  (d) MR FE A
wEE DSM axiil Paxii

(a) Pseudo color (b) DSM of
map of HSI LiDAR

6 Trento Brddl iy O R (11 A0 A

Fig. 6 Pseudo color map and ground-truth map of Trento

(c) Training sa- (d) Testing sa-
mples map mples map

dataset

3.2 XWFEARSH

SEI LT Ubuntu 18. 04 R 40, i FHBC 4 Tes-
la P100 GPU 45 Intel(R) Xeon(R) CPU E5-2640
v @ 2.40 GHZ 4k B 48 09 i1 & )k 55 #% , Py-
thon3. 715 & & PyTorch 1. 10 3 J 2% > HE 28 4 7
S B BRI R4 Y batch size 24 64, epoch
S 200, BEHLI 431 5 FES IR AR |, I R4 GG IE
LR R Bk 8: 2, R A AdamW It L %% | co-
sine %% >J 22 BE SR WG, W) 4 2 ) FE Ol 5X
107 WE W AECN 1X107" . CG-MHSA 4]
g BN LI I AT ESH E N
0.07, A A AP ERB S, AR E
KA =0.5,A=1.0,



1094 P

K TR

o532 %

3.3 WXLt RS
3.3.1 t-SNE&»#

2 4 &1 7 A Bl 8 Fr 7R 1) t-SNE (t-Distributed
Stochastic Neighbor Embedding) o] #il fk 45 5 , 7
Houston 2013 1 Trento B 4~ %4 ¥ % I A A
HST EMR HEAT 43 25, A [a) 288 591 04 B0 o 43 A 7
BN ESHE . X RIIUKEE g F S
T KR Z R, 55— Jr i, ORI LIDAR
Bs AT or 28, E s SO0 O A L BCHGEL L X

T WM & 2 (8] 45 K9 05 B E AT 40 25 i PE B L
25, H O O KAl A HST B AR 3E 17 40 25 1
LY E

A, [ B R HST EE AT LIDAR %4
P AT A 3 S, A [) 200 1 B0 A fg g 4R A5
P IRARX 4 . IR, ®OGIE R LIDAR
B[R] 4 28 45 D RE A% o A 30k R FH VR R 08 1
AME B, RN [R) 4 2 ) 1 A B EE T, AT
AT T B IR Y o M

100 100 " % © Healthy grass
. 75 75 7" v;)"! 2 - s
50 ﬁ:&ﬁ:}" St ] 3 50 A A P
= oy R 25 g A 4 G
0 - nte |0 0 = & ” ' Koy
A e SHEP R, ' | ety
i Bl i g sof W @ e
-100 b -75 i -
-100 =50 0 50 100 -100 -75-50 25 0 25 50 75 100 -100 -75-50 -25 0 25 50 75 100
(a) EEIE (b) WO IR (c) thlAl 432k
(a) HSI (b) LIDAR (c) Collaborative classification

7  Houston2013 s 4 i 4R AFE v M4k
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3.3.2 AR EF ke IEW A S SHEARRCZ W . AA R

55 ik CLCT-Net 158 21 (% B A 3 25 i A7 3L
P, % B 5 Two-Branch CNN™ |, EndNet"" ,
MDL-Middle'* #il MAHIDFNet " i# 17 [L 4% . [F)
B, A SCHR FOBE T X3 3 HST 4 i 2% (TB-HSI) |
FEF 45 8 £ BB LIDAR 4 5 2% (Spectrum-Li-
DAR) P b AL s 3 AL

S 58 PFA 48 A5 O B AR BE (Overall Accura-
cy, OA) 485 &£ (Average Accuracy, AA) Fll
Kappa %0, OA F£/nBRAE i A A A 1

A4~ 2 1 v TE B I A % 26 ) R B = TR L
], BUA5 200 NG B2 19 ~F- 24948 . Kappa & 8UH T 9F
i o3 2 WE R 3R 8 R S A5 R K b T
52 B 2Z ] ) — Bk .

F3ME AL T ARHE L LE Houston2013
H1 Trento B 4 IR 15 Y15 2] (1 1 43 26 45
Beo HHER 3R, BURL I T[] 43 S A Y 11 43 2%
KB RAL T AL AR o 2ROk X — S5 ie 5 t-
SNE [ 43 Mr 45 - — 3 . 5 Two-Branch CNN,
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x3 AEFHET Houston2013 1 3E&E FRIN KB ERTEL

Tab.3 Comparison of classification accuracy of different methods on Houston2013 dataset (%)

Class Two-Branch EndNet MDL-Middle MAHIDFNet  Spectrum-LiDAR  TB-HSI CLCT-Net
C1 83.10 81.58 83.10 98.53 49.17 100.0 87.07
C2 84.10 83.65 85.06 92.87 35.93 98. 04 98.05
C3 100. 00 100. 00 99. 60 91.11 72.12 30. 64 96. 67
C4 93.09 93.09 91.57 98.10 65.08 99.28 94.78
C5 100. 00 99.91 98. 86 98. 38 59.63 99.62 99. 34
C6 99. 30 95.10 100. 00 98. 58 24.54 93.38 77.14
C7 92.82 82.65 97.64 99.15 75.61 85.66 89.50
C8 82.34 81.29 88.13 80. 94 75.23 92.76 83. 31
C9 84.70 88.29 85.93 98. 04 74.74 94.46 94.33
C10 65. 44 89.00 74.42 72.81 62.37 88.41 92.84
C11 88. 24 83.78 84.54 72.71 85. 37 96. 16 95.79
C12 89.53 90. 39 95.39 76. 80 50. 13 84.15 86. 26
C13 92.28 82.46 87.37 95.80 41. 26 96. 30 87.37
C14 96.76 100. 00 95.14 99.53 28.46 100. 00 100. 00
C15 99.79 98.10 100. 00 100. 53 70. 24 90. 27 94.22
OA 87.98 88.52 89.55 89. 58 60. 81 85.22 92.01
AA 90.11 89.95 91.05 91. 36 57.99 89.96 91.78
KX100 86.98 87.59 87.59 88. 74 57.67 84.02 91.33

R4 FREFEETrento BIBE LS LBEITLE

Tab.4 Comparison of classification accuracy of different methods on Trento dataset (%)

Class Two-Branch ~ EndNet MDL-Middle MAHiIDFNet Spectrum-LIDAR  TB-HSI CLCT-Net
C1 99.78 88.19 99. 50 99.91 74.00 99.19 99. 30
C2 97.93 98. 49 97.55 88.92 62.45 81.24 97.49
C3 99.93 95.19 99.10 97.53 26.00 63.46 96.45
C4 99. 46 99. 30 99. 90 99.98 99. 54 99.93 99.29
C5 98.96 91. 96 99.71 99. 90 98.45 97.35 99.70
C6 91.68 90. 14 92.25 99.78 88. 94 94.52 96. 28
OA 98. 36 94.17 98.73 98.59 84.94 95.42 98.90
AA 97.96 93.88 98. 00 97.55 74.90 89.28 98.10
K X100 97.83 92.22 98. 32 98.12 80. 56 93. 89 98. 54

EndNet, MDL-Middle #l MAHIDF Net #f [, , 4 3¢
7 AE OA, AA Fl Kappa R E07 A8 A W
s, LX) Stressed grass, Road, Railway #1
Tennis court A I F T+, H, Stressed grass )
Ay R B IR 3] T 98. 05% , Tennis court Y 23 25 K5
Ji 4 100. 00%6 o

R4 % 4, 7F Trento ¥t 5 % I, Spectrum-
LiDAR 47 28 8 A1 19 OA &y 84.94% , AA Ry
74.90% , Kappa } 80.56% . TB-HSI 43 2 fi 5l
X = A R bs o i 95,420, 89.280%0 Al

93.89% o MK & fif HI XUAL I A% #E 47 > K,
OA 2 7 5] 98.90% , AA 42 7 %] 98.10% , Kap-
pa #& = 2] 98. 54 % o A 3C 7 % 7E Roads 1 43 2%
PERE 7 A W] AR TE L3R E) T 96.28%
T E UL I T $2 19 CLCT-Net £ 7 (1)
L H , 7€ Houston 2013 F1 Trento ¥ 4> 5 5 4
AT T o S 45 R ] LA XS LG, 4n &9 i E 10
FrR o A CHE A9 CLCT-Net GE % 0 7 6 3t 15
22 th Highway X 3k DL J& Apples X 3% (% 0 %, &2
BTV BT EL T 0 B, At O ik 3RS 1Y e
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Fig.9 Classification results of different methods on Houston2013 dataset
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Fig. 10 Classification results of different methods on Trento dataset

R R VR R R . X SR
H] CLCT-Net £5 %1 7 411 47 B 45 AF 26 78 12 Bk
7377 1H B Ry 5K, AR 6% 4 3 2 4 I 50 R/ Al
A7, PEAT TR 4 R B R OE SRR, BRI
i 2 5 T 17 2 B fin o £
3.3.3 HHA &M

A SR B AU BAU(FLOPs) fl 2 8 &
(Fparam ) P8 AR PPAG A [ AR (9 1 55 55 24
M5, Hrp  FLOPs 675 15 50 4b 35 2A i %]
8 58 B — UK T 1) A% 486 T 5 0 T R AGE B i R
ML T AR Y ) i 1) A2 2%k . Fparam R LAY ) 2
O g TR BAR B () KN I B S e A

R5 TESELBEKFLOPsTSHYE
Tab.5 FLOPs and parameters of different classification

models
Method Zparam. /M FLOPs/M
Two-Branch 12 25
EndNet 0.07 0.49
MDL-Middle 0.25 4.7
MAHIDFNet 77 155
CLCT-Net Pl 384

RUTE HE LI T 75 B9 N AF o5 T, BB T AR AR (1 23 [l
SR

H TR % I8 25 4R 35 B, , EndNet £ 1 ffy
B[] F1 23 ] 52 2% B AR XA . A Ml AR R
PE R B AT LA R AR S 60 5 % B, 220 g 408 A it
KR 2 TR E R LG8 T 09 R B B AR 7Y
M e a2 . X} [t Two-Branch, MAHIDF Net
BEARY A SCHE Y A S AL B A T Sl AR R R A
155 TR0 45 k), T DA AE 1S 7R 2 ) 52 2% R AR Y I O
TR AP e RE . CLCT-Net:R I Z AT
Transformer 1% % 1% £ 73 3 , 68 0% B 4> T b $2 X
FREAE o SR, BT 2 3k A F = LS 0 R
Transformer ¥ 7 K 1159 I, 3 1 45 485 84 1Y
TF 0 B B AN ] e B . 2 R B AR A
BREHEAENE ,CLCT-Net il B R T E B £
TR AEGE B B A A S D 3 AR AL
i o A E R W E AR T R B TR A
JE A S AP A

4 % &

AR T — B K F CNN-Transformer [
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Ui B S I A 43 2B W 4% CLCT-Net, %M % 1 FH 4
R AE 1 ) 45 A e 3 o 4 BN [R) A S [ 1
PERRIE 52 B0 S5 44 4% S8 BSOHE 78 15 S I TR J2 X
Mo LU BT T W4 3 HST 4 it 25 FSR )
B LIDAR g t5 #% , 45 & & B FR 1 o 1l 2% 2
FEAMMEIER R a5 AR H2E )
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