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Abstract: Objective Benefiting from their high-resolution spectral information and large-scale spatial information, hyper-
spectral images (HSIs) have demonstrated exceptional capabilities in numerous remote sensing applications. Over the past
few decades, hyperspectral image classification (HIC) has attracted considerable research attention. Many machine
learning-based HIC methods have been proposed; however, these approaches require a sufficient number of labeled
samples to achieve ideal classification accuracy. Unfortunately, the high cost and effort associated with labeling HSIs often
results in a scarcity of labeled data for many newly acquired HSIs. Therefore, researchers have introduced the cross-
domain HIC (CD-HIC) mechanism, which uses a hyperspectral image with sufficient labeled samples (source domain) to
assist in classifying a hyperspectral image with limited labeled samples (target domain). However, cross-domain classifica-
tion is one of the major challenges in HIC due to feature and class distribution differences between source and target
domains. The cross-domain few shot learning (CDFSL) methods, which integrated domain adaptation with few-shot learn-
ing, have been widely applied to the CD-HIC problem. Owing to the difficulty of spectral sequence encoding and the spec-
tral similarity between classes, most existing CDFSL methods use convolutional neural network (CNN) or other remarkable
spatial feature extractors to obtain spatial information, thereby improving classification accuracy. However, extracting spa-
tial features often leads to distortion in the distribution of ground objects and their class boundaries. Aiming to address this
issue, a lightweight Res-3D-CNN with embedded Transformer layers (LRCT) has been designed for feature extraction in
CD-HIC. LRCT effectively captures long-term dependencies of the spectrum while simultaneously extracting spatial infor-
mation, thereby notably improving the performance of spectral feature-based methods. Method In this study, a simple and
effective deep learning network is proposed for feature extraction from HSIs. In CNNs, the convolution (Conv) captures
high-frequency features of images by employing a weight-sharing mechanism within local receptive fields. In contrast,
Transformers model long-range dependencies between features using self-attention mechanisms and adaptively focus on key
areas. Moreover, the Transformer exhibits low-pass filtering characteristics, which primarily captures the low-frequency
global information of images. Considering the complementary characteristics of Conv and Transformer, the Transformer
layer is embedded into Res-3D-CNN to establish a lightweight dual-stream feature extraction network to perform feature
extraction on the source and target domains. Furthermore, the CDFSL method is adopted to learn general information from
the extracted features of source class data, which helps in target class data prediction with only very few or no labeled data.
This approach helps achieve outstanding classification performance in the subsequent CD-HIC. The LRCT-CDFSL method
comprises four main aspects as follows: 1) Data preprocessing: using a mapping layer to combine the dimensions of the
original his; 2) Feature learning based on IRCT: employing a deep neural network for feature learning to enhance the repre-
sentation capability for HSI data; 3) Few-shot learning: enhancing intra-class compactness and inter-class separability by
calculating the Euclidean distance between labeled and unlabeled samples, thereby effectively adapting to scenes with lim-
ited samples; 4) Domain adaptation: using domain adaptation techniques to enable the feature extractor to generate highly
generalized features, thereby improving the generalization capability of the model across different domains. Result Using
Chikusei data as the source domain, and Indian Pines, Salinas, and Pavia University data as the target domains, extensive
experiments are conducted to validate the performance of the proposed LRCT-CDFSL model and ensure fair comparison
with advanced methods. Moreover, the effectiveness of the proposed LRCT-CDFSL is respectively tested by using the
Indian Pines, Salinas, and Pavia University datasets as the target domain. The experimental results demonstrate that the
LRCT-CDFSL method achieves faster and more accurate classification performance compared to existing methods. When
only five labeled samples per class are available, the LRCT-CDFSL method achieves overall accuracy (OA) scores of
71.01% and 92. 06%, and 84. 14% on the respective target domain datasets. Compared to current mainstream cross-
domain few-shot HIC methods, the LRCT-CDFSL method shows superior classification performance across various target
domain datasets. Specifically, LRCT-CDFSL improves OA by 7.57%, 3.35%, and 2. 77%, respectively, and reduces
training time by 36%, 37%, and 30%, respectively. Conclusion A deep transfer learning network called LRCT network is
introduced by embedding Transformer layer into a residual three-dimensional CNN (Res-3D-CNN). In Res-3D-CNN, a
1 X 1 convolution kernel is incorporated to adjust the number of channels in the feature map, reduce the model parameters,
and accelerate the training. In addition, after n X n convolutional kernels, 1 X 1 convolutional kernels are then introduced

to expand the number of channels of the feature map, thereby addressing the problem of reducing the feature map area
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caused by the convolution kernel. Additionally, the network shows excellent performance in few-shot learning and domain

adaptation using convolutional kernels of different scales for feature extraction. Meanwhile, the Transformer layer is used to

extract the local-global semantic information of HSI. Experimental results reveal that LRCT effectively captures spatial-

spectral features through a combination of local-global information, fully representing the local-global semantic information

of HSIs and enabling strong classification performance in the subsequent CD-HIC task. However, within the LRCT-CDFSL

framework, the metric-based few-shot learning method, which emphasizes the relationships between samples, has not yet

been fully explored. Aiming to further enhance performance in CD-HIC tasks, future studies may explore the integration of

cross-attention learning techniques into the LRCT-CDFSL architecture. This enhancement is expected to improve the gener-

alization capability and adaptability of the model across diverse domains.

Key words: hyperspectral image classification (HIC) ; cross-domain classification; few-shot learning (FSL) ; domain

adaptation ; residual 3-dimensional convolutional neural network (Res-3D-CNN ) ; Transformer
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XPFERHR, Z 5 856 IR R4 Y THRR I 2
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end for,
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AR5 B #9 LRCT-CDFSL [ 4% , 15 8 i &9 H
S AITRNIERE S A

2 L I§

2.1 HESE

FEASCH, SEEG U K A 44 B OB g 4
PRAE AR X 4B S I T T A 41

1) Chikusei 54 5 (1 1, 2021) , % %4 4
Hyperspectral Visible/Near-Infrared Cameras Y635 il f4
1XAE H AR FUVE (Chikusei) T RS . B EM
7 343~1 018 nm B B Y 128 45637, 25 MR &R
H2517 %2335, MG HFER2. 5 m, BT 191
J5 AR G EMGORAH D (14 ELE R An 181 6 s .

2) E 5 %2 #5 AR (Indian Pines, IP) 538 4E (Feng
,2019) o i EE AR R HLER AT A/ A LR G gAY
PS5 E BV NN RAE o B R /INR 145 x 14515
., PRGN 0. 4~2. 5 um, Gk Bl 2244,
A RO B R 2004, 23 (8143 HE 3R 20 m, BALE
T 16 R 22 145 T X B S A

3)WAZEY K 2F (Pavia University, UP) BE4E (Peng
45,2023) o B AR R B DGR RGO TEAY
T IR 45 0 77 R AEAS 20 1 S e B A . 1%
Hodl £ A HDGIS D B B 103 BRI 25 18] 43
HERH 1.3 m, B IA 610 x 340145, Hrp & 1 9Fh
FAU ) . 32 2 BRI TR A A A

4) 5% F 94 17 (Salinas) ¢ #% £ (Shen F1 Ma,
2019) o IZEHE A 2 MLER AT UL 2T A LGOI A AR
BEFI AT LA 2SR 2 B SR 224 450k

N Bare soil @EE RV weedsm Forest
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Fig. 6 Chikusei dataset
((a) false-color image; (h) groud-truth map)

(b) HAHIA

x1 IPHIRENEINRERNE
Table 1 The type and number of samples of the IP dataset

el b IEA i FEAA %L
Cl Alfalfa 46
2 Corn-notill 1428
C3 Corn-mintill 830
C4 Corn 237
C5 Grass-pasture 483
Cco6 Grass-trees 730
Cc7 Grass-pasture-mowed 28
C8 Hay-windrowed 478
C9 Oats 20
C10 Soybean-notill 972
Cl1 Soybean-mintill 2455
C12 Soybean-clean 593
C13 Wheat 205
Cl4 Woods 1265
C15 Buildings-Grass-Trees-Drives 1136
C16 Stone-Steel-Towers 93

TSI, I AR B 204 B T . KR
KNI 512 x 217183, 25 3 B9 3.7 me %KL
PRI T 16 M A E . R 3R TRl &
AIREIE .
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Table 2 The type and number of samples of the UP dataset

Bl e 4 Fx HEAA L
cl Asphalt 6 631
c2 Meadows 18 649
C3 Gravel 2 099
C4 Trees 3064
C5 Painted metal sheets 1345
C6 Bare Soil 5029
Cc7 Bitumen 1330
C8 Self-Blocking Bricks 3682
c9 Shadows 947

%3 Salinas BB E KR KRR
Table 3 The type and number of samples of the

Salinas dataset

i ESIPR FEARA L
Cl Brocoli_green_weeds_1 2009
Cc2 Brocoli_green_weeds_2 3726
C3 Fallow 1976
C4 Fallow_rough_plow 1394
Cs Fallow_smooth 2678
C6 Stubble 3959
Cc7 Celery 3579
C8 Grapes_untrained 11271
C9 Soil_vinyard_develop 6203
C10 Corn_senesced_green_weeds 3278
Cl1 Lettuce_romaine_4wk 1068
C12 Lettuce_romaine_5wk 1927
C13 Lettuce_romaine_6wk 916
Cl4 Lettuce_romaine_7wk 1070
C15 Vinyard_untrained 7268
Cl6 Vinyard_vertical_trellis 1807

2.2 LWIEE

AT A S35 4E A Chikusei Indian Pines |
Salinas fll Pavia University, 7£3Z56 7, A Chikusei 5%
P 4R S PRI A S B 430 Sy H AR T SR 5
AR RSE I 0 2 B TE TR X L SE g, 2 A
HHBEHLEEEL 5 A BRic i B AR A R T YI 45 , i
59 x 9 K/INIYRBIRAE Ry fiin A7 T A iy 23 ) R, -

bS5 SR — 2 IR FEAEHEAT 10 000 3%
L3R BE R 0,001, R BRI RES AT E TE,
ASEEHR ST H A 10

i FH Python3. 7 ##) PyTorch-1. 13. 1 HEZY , 7 fifi 4
B & A Intel (R) Xeon (R) W-2295 CPU, NVIDIA
GeForce RTX 3090 i1 64 G ) Ubuntu &4t 5.
2.3 XfEESRI

R IE R A LRCT-CDFSL 7 3 A PRk, A SC
VR T 5 R & Ly HIC 7 AT ) 1. BAR A 45
SZ ML (support vector machine, SVM) Fl 4 ffi £
i1 25 3D FEAS HIC J5 ¥ - R 25 /D FEAR o7 )
(deep cross-domain few-shot learning, DCFSL) (Li 5%,
2022) & B R A B 5U/DHE A %2 2] (graph informa-
tion aggregation cross-domain few-shot learning, Gia-
CFSL) (Zhang %, 2024) | 5 AR A 19 22 L 1R 56 &
2# >) (multi-view relation for cross-domain few-shot
learning, MvR-CFSL) (Peng 45,2023 ) Fll 1 75 7 15 45§,
/DA 22 3] (attentive cross-domain few-shot learning,
ACDFSL) (Basnet 5§ ,2023) . It 4h, L4 T LRCT-
CDFSLIT L PRI il ¥ : 55T Transformer 2511
CDFSL (Transformer network based CDFSL, TN-
CDFSL) DA T-45 55 7 Res-3D-CNN B 2% /) CDFSL
(lightweight Res-3D-CNN based CDFSL, LRC-CDFSL)
HPERE . IEFELL Chikusei B35 45 A 1K , TP Salinas
FTUP i 55353 H AREE T CD-HIC,

1) %} LRCT-CDFSL J7 12 1 7 ok B3 12 19 70 26
PEREEATE 1 LU, RIS 23 2R B L R B A
*5 5 (overall accuracy, OA) | S 2k (average
accuracy, AA)F Kappa Z 5055 31 BEFE b 1A% 52
AR, TR R 3B AR 03 2R A5 IR 4
mFE4—Ko6in. ATLUE H, SVM A S U &
JERRYRAE, H R SET T 85 2] I 26K
FERK . MR BE A DCFSL Gia-CFSL MyR-CFSL,
ACDFSL ., TN-CDFSL ., LRC-CDFSL %5 GE #& BUR JZ Ik
(028 [l —JGIE AR, BLHEAT 1SSl e A2 o) Rt
1 CD-HICAE 55 ERY MR EIR AL SVM . {EAS
VER R, 7T J7 2, LRCT-CDFSL J5 i 72 1P
Salinas F1 UP (4G 45 Y HUS T 4 =5 1) OA Al Kappa
ZH, [F] I 75 1P F1 Salinas £da 46 E XIS 1 e iy
AA, IFTEX I EUIE B — 2 19 2800 IS B e 1Y
KGR . AN, LRCT-CDFSL 78 K Z 55 F
M2 AR, Won O A pAa g i o X SE S 4
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Table 4 Classification accuracy comparison of different methods on IP dataset

1%

25 SVM DCFSL Gia-CFSL MvR-CFSL ACDFSL TN-CDFSL  LRC-CDFSL  LRCT-CDFSL
1 74.15£19.35  95.12+6.17  90.98+12.25 99.02+2.24 95.12+6.17  90.49+13.60  95.12+7.07 100.00+0.00
2 34.80+7.40  40.07£9.99  44.03£13.66 54.00+14.65  40.07+9.99  43.75+13.46  56.07+11.55 61.86+10.58
3 38.58+10.88  48.32+11.37 44.18+8.73  57.27+8.21 48.32+11.37 44.15+10.28  54.15+8.84 62.02+6.59
4 53.88+11.49 74.18+12.51 77.93+8.88  77.84+12.20  74.18+12.51 72.37+14.39 75.17+14.36  79.91+7.96
5 68.51+16.60 73.33+7.35 71.76+7.10  78.70+8.38 73.33+7.35  74.39+8.02 73.39+7.18 84.02+3.87
6 70.26+12.12  83.54+7.45 82.37+5.99  91.64+3.92 83.54+7.45  88.69+6.74 90.03+4.98 88.72+7.63
7 90.43+7.88  96.96+£5.52  98.26+5.22  98.26+5.22 96.96+£5.52  98.26+3.98 98.70+2.78 100.00+0.00
8 71.84+10.44 80.57+13.79 85.12+9.04  89.18+17.05 80.5£13.79 90.19+10.39  92.39+9.41 93.49+5.09
9 89.33+7.17 100.00+0.00  97.33+3.27  98.67+2.67  100.00+0.00 96.67+6.15  100.00+0.00 99.33+2.00
10 43.42+£11.47 60.64+7.17  58.70+8.43  65.14+8.85 60.64+£7.17  57.79+10.09  65.76+11.36  69.31+2.26
11 32.61+9.02  59.40+12.77 61.07+13.58 61.79+12.17  59.40+12.77 59.91+16.00  65.10+6.52 60.53+8.47
12 26.73+5.50  45.32+11.13 42.02+8.89  54.00+8.65 45.32+11.13 38.72+8.89 53.35+17.07  52.70+12.36
13 87.50+7.40  97.20+4.80 98.35£2.72  99.60+0.77 97.20+4.80  98.45+1.96 93.65+6.63 99.35+0.55
14 57.76+13.68 83.26+9.24  79.24+13.06 8§89.01+9.78 83.26+9.24  86.98+8.99 90.00+5.70 84.29+5.51
15 29.79+8.51 67.72+10.83 64.33+6.31  67.93+16.52  67.72+10.83 67.03+13.93  70.29+16.52  69.74+12.11
16 87.73£3.82  99.32+1.16 97.61+4.61  99.77+0.68 99.32+1.16  99.77+0.68 97.39+2.69  100.00+0.00
OA 45.72+2.66  63.44+2.20 63.20+3.13  69.73+£3.01 65.81+2.57  64.36+4.35 70.37+1.52 71.01+3.02
AA 59.83+2.64  75.31+1.59 74.58+1.82  80.11+2.49 77.63£1.75  75.48+20.63  79.41+2.07 81.58+1.49
Kappa 39.74+2.72  58.87+2.25 58.45+3.23  66.00+3.25 61.60+2.72  59.89+4.57 66.55+1.76 67.42+3.32

T IR AR R S AT R LA R

FESTHIE T LRCT-CDFSL 5 A A Rk . X7 ol
Transformer JZ F1 Res-3D-CNN ' Conv JZ HY 45 & BE H
b2z o B HA Jm i —4a R i 2 REFAIE SRR L g
N JE S CD-HIC $2 3 K

2) 2R 3 288U B X LRCT-CDFSL J5 5 F 7 Ff
XF LR Y 23 R M REHEAT LA LU . R T—IK 9 53
B T A FETE 3 A B s 5 B 2RO .
MIEL 7T—I&1 9 7T LUKk B, B T i 65 B 10 SVM 4326
SE R AFE ] R RO AR M P R 02 T[]
Z 8T 25 3% 5 B ) DCFSL. Gia-CFSL, MvR-CFSL.
ACDFSL F1 LRC-CDFSL J7 4 W e AR 1 B I 7 1
WKLV HEMAVFZ RS, WP EHE By
woods , Salinas £ 4§ I #Y Grapes_untrained Fl Vin-
yard_ untrained DL & UP %45 I A9 Meadows 2551 . 75
4t T Transformer ) F 1 35 J1 HL 1 , LRCT-CDFSL fig
% E 4 AT 51 37 A SR AR OC &, MER T

woods . Grapes_untrained , Vinyard_ untrained il Mead-
ows ZE M2 9 . LRCT-CDFSL 75432 41 5 Ay ik i
Y e e S T R T SR G g
3) 8256 56 E T LRCT-CDFSL J7 % i CD-HIC %
R, FTME L T AR LA 3 MRS Ll
SR AR (], AT LAE AT A 7%, Gia-
CFSL B Zrbst [B] e 4, 3 2R PON 7RI Zhoad A2
PR T De KA1 s, DL R 22 ) i) 34 42 5 Rl
R A RIS BN 2R () S 2 G m . i DCFSL,
MvR-CFSL ACDFSL J5 % H R HI 3 T Res-3D-CNN /Y
FRHESRIBOT 1 , Res-3D-CNN 1E 4L BE = 4ERR T, £ 9%
REMSHH 3 2 3 & 12 R —J6 (5 B (AL 4= W)
LRSS RN KT TR AR o AR G
LRC-CDFSL Al LRCT-CDFSL J7 ¥ Hiifl i3 51 A%
FRAZ IR FRAE (38 A, D DR 240, T4 i 1
Y253 B, 78 IP . UP H1 Salinas 3% 3 P 5250 404t 45 |
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Table 5 Classification accuracy comparison of different methods on Salinas dataset

1%

25 SVM DCFSL Gia-CFSL MvR-CFSL ACDFSL TN-CDFSL  LRC-CDFSL LRCT-CDFSL
1 96.60+1.64  99.02+0.77 99.18+0.94  99.00+1.17 99.69+0.53  99.60+0.60 98.73+0.98 99.70+0.41
2 93.42+3.08 99.31+1.06  98.83+0.87 99.56+0.66 99.24+1.81  99.65+0.58 98.92+1.81  100.00+0.01
3 85.37+12.5 90.65+9.18 88.91+10.0  92.89+8.00 90.66+£10.2  88.47+12.05  98.14+1.69 99.01+0.63
4 98.88+0.91 99.16+1.00  99.04+1.03 99.47+0.83 99.37+0.67  99.04+1.03 98.71+0.60 99.79+0.16
5 95.02+3.79 92.03+3.61 89.14+5.75 91.28+3.87 90.73+4.23  90.00+5.19 92.32+2.15 95.32+2.86
6 97.59+0.91 99.19+0.89 98.74+1.60  99.92+0.17 99.36+£1.05  99.63+0.45 99.92+0.19 99.64+0.85
7 98.21+2.83 99.24+0.85 93.53+17.50  99.63+0.46 99.35£1.09  96.59+8.02 98.83+0.69 97.68+1.01
8 61.56+14.81 74.72+12.56  76.59+10.11 80.08+7.27 74.49+8.39  71.41+8.26 83.69+3.58 81.91+3.92
9 94.81+2.07 99.14+1.04  97.01+£3.62  99.49+0.70 98.65+2.39  98.64+2.20 98.57+1.58 97.75+1.46
10 76.87+8.61 83.94+7.31 80.86+9.64 82.91+12.59  85.34+9.43  85.46+6.99 92.45+2.35 91.91+4.46
11 92.33+5.12 98.19+1.95 96.10+3.71 98.84+0.97 97.17£2.62  96.80+2.37 98.88+0.54 99.76+0.38
12 97.71£1.94  97.46£5.72  99.42+0.98 98.06+3.32 98.02+2.56  98.92+1.64 98.91+0.69 98.98+1.44
13 98.22+0.73 98.85+1.26  97.32+2.88 97.82+3.22 98.75+£0.66  99.15+0.63 99.31+0.41 99.12+0.49
14 87.98+3.14  98.54+1.18 97.27+2.60  97.88+2.46 99.08+0.66  99.06+0.84 98.44+1.35 97.11+1.80
15 56.28+16.23  74.17£7.15 74.18+5.41 70.56+16.07  77.84+5.92  75.57+9.06 76.78+7.75 79.04+5.84
16 84.48+8.66 89.36+6.26 84.20£9.39  90.56+6.23 90.53+5.47  93.30+5.03 93.72+3.87 99.12+0.67
OA 81.42+2.26 88.71+2.74 87.83+2.64 89.51+1.86 89.21+1.93  88.13+1.61 91.86+1.12 92.06+0.27
AA 88.46+1.28 93.31+1.64  91.89+2.10  93.62+1.16 93.64+1.35  93.21+8.63 95.40+0.92 95.99+6.22
Kappa 79.37+2.48 87.46+3.00 86.48+2.92 88.33+2.09 88.03+2.12  86.84+1.76 90.95+0.92 91.17+0.29

T L PSR R S AT R 2 2R

®6 AREGEEUPHBEENTEBEI L

Table 6 Classification accuracy comparison of different methods on UP dataset

1%

25 SVM DCFSL Gia-CFSL MvR-CFSL ACDFSL TN-CDFSL  LRC-CDFSL LRCT-CDFSL
1 62.78+7.38 78.01+12.02  76.33+11.27 76.68+8.56  78.51+9.64  73.55+19.44  83.48+5.54 77.80+9.06
2 66.10£13.90 86.30+6.36  87.14+5.31 80.22+8.75 84.25+8.51 81.90+10.35 85.57+6.93 95.56+1.47
3 61.46+£18.65 63.00+10.84 64.60+11.48 63.5+14.24 62.94+14.43 55.71+14.60 68.56+x11.89  81.71+5.27
4 80.84+13.85 92.96+4.53 92.77+3.55 87.63£8.09  92.82+3.51 90.43+4.18 85.81+9.08 77.97+8.17
5 98.88+0.80  98.84+1.12  98.03+2.32  99.89+0.24  99.42+0.75 99.49+0.44  99.10+1.21 99.95+0.13
6 54.14£13.01 73.38+8.79  73.97+7.46  62.09+14.69 79.63+9.00  72.96+12.91 76.16+13.99  77.44+4.83
7 74.87+11.68 79.07£8.50  79.33+8.92 87.27+5.40  80.85+8.73 73.83+x11.53  85.23+4.74 87.72+4.45
8 71.24+9.23 64.31+£11.37 67.54+13.83 86.71+6.52  66.00£16.37 57.22+7.39  75.08+7.72 43.54+7.31
9 99.85+0.12  97.93+3.27  99.00+0.81 95.63+5.37  98.12+2.27  97.26+4.31 95.84+6.27 94.75+3.10
OA 67.49+6.01 81.37+£3.00  81.89+2.16  78.99+3.31 81.49+3.61 77.40+4.26  83.06+2.71 84.14+1.46
AA 74.46+2.38 81.53+0.82  82.08+2.06 82.18+2.13 82.50+1.77  78.04+14.88 83.87+1.93 81.83+1.84
Kappa  59.09+6.53 75.81£3.50  76.52+2.56  73.00+3.75 76.16+4.11 70.89+4.86  77.93+3.41 78.84+1.94

T L P SRR AT R AR 2R
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(d) Gia-CFSL

(f) ACDFSL (g) TN-CDFSL (h) LRC-CDFSL (i) LRCT-CDFSL (#32)
F7 AR AL PR 28U R R
Fig. 7 Classification maps of different methods on IP dataset ((a) ground-truth; (b) SVM; (¢) DCFSL;(d) Gia-CFSL;
(e) MvR-CFSL; (f) ACDFSL;(g) TN-CDFSL; (h) LRC-CDFSL; (i) LRCT-CDFSL(ours) )

Brocoli_
green_weeds Stubble
1

Lettuce_ Lettuce Lettuce
romaine_4 romaine_ romaine_

Vinyard_
vertical _
trellis

Vinyard
untrained
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_green_weeds

(a) R (b) SVM (c) DCFSL  (d) Gia-CFSL  (e) MVR-CFSL (f) ACDFSL (g) TN-CDFSL (h) LRC - CDFSL (i) LRCT - CDFSL
30

K8 A2 TE Salinas F 73288 R F
Fig. 8 Classification maps of different methods on Salinas dataset ((a) ground-truth; (b) SVM; (¢) DCFSL; (d) Gia-CFSL;
(e) MvR-CFSL; (f) ACDFSL; (g) TN-CDFSL; (h) LRC-CDFSL; (i) LRCT-CDFSL(ours))



$31% /5% 34] /2026 £ 3 A

BmE, MEE, K, HilE

H [ B8 Lt B 5 5> 89 #k N Transformer 232 2% Res-3D-CNN

Asphalt

(a) J5E (b) SVM (¢) DCFSL

(d) Gia-CFSL  (e) MVR-CFSL  (f) ACDFSL  (g) TN-CDFSL  (h) LRC-CDFSL (i) LRCT-CDFSL
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Fig. 9 Classification maps on UP dataset ((a) ground-truth; (b) SVM; (¢) DCFSL; (d) Gia-CFSL;
(e) MvR-CFSL; (f) ACDFSL; (g) TN-CDFSL; (h) LRC-CDFSL; (i) LRCT-CDFSL(ours) )

(YN ZRIF ] 15 1 25 A1 T oAb 73 o 1 TN-CDFSL
K FH ) Transformer % 2% 1% 4 48 14 5% 22 )2 At AL )2
B IBER SHE L, T AR IR a] L
LRC-CDFSL il LRCT-CDFSL 7 #:4K .

#7 AEFEFEIP.UP. Salinas _t il 2t iE 33 Lk
Table 7 Comparison of training time on
IP, UP, and Salinas datasets
/s

G S
Trid:

P up Salinas
DCFSL 1250.35 757.97 1281.72
Gia-CFSL 3117.61 1935.96 3286.92
MvR-CFSL 1771.35 837.98 1549.40
ACDFSL 1372.50 855.59 1411.86
TN-CDFSL 1135.79 782.77 1427.84
LRC-CDFSL 760.14 489.74 816.44
LRCT-CDFSL 799.31 527.35 811.64

*8 A[EFEFEIP.UP Salinas _t &)zt At i) 3t L
Table 8 Comparison of testing time on
IP, UP, and Salinas datasets
/s

E IR R R 48 51 B A2

)P B 10— E 12 53 548 T 7 Fh 5 580N
A2 ) B AE TP UP 1l Salinas 5054 I, Bl & A1
YIREAS TN B AR FE (OA) Y22 fb ke 35

FEIP B 4 b B 25 BRI R R B i B
A AR ) OA ¥Rk BT Wi 10 Fios | b5 A
FRYNGAEARZH b 18 E 5, LRCT-CDFSL [ OA
M\ 42.38% 14 2 71. 01%, Ui 28401 e HA LAY 5 LRC-

BHRAE
Jr ik
1P UP Salinas
DCFSL 0.71 2.30 3.76
Gia-CFSL 0.70 2.30 3.69
MvR-CFSL 0.98 2.46 4.63
ACDFSL 0.82 2.70 4.33
TN-CDFSL 7.44 26.71 43.20
LRC-CDFSL 0.78 2.92 3.96
LRCT-CDFSL 0.66 2.23 3.24
EERpIpER 2 NS N I BT T e O
75
70 -
65t
§ ) [ I e
k] Y . ——DCFSL
50 -=- Gia-CFSL
-a- MvR-CFSL
45+ -e- ACDFSL
-v- TN-CDFSL
40 -~ LRC-CDFSL
351 i : -+ LRCT-CDFSL
1 2 3 4 5

FbRISI P Z A /2
K10 A RIELE PR EARIIZREA R T ITE OA(H
Fig. 10 OA accuracy of algorithms on IP dataset with different

number of training samples
CDFSL(70. 37%) 5 MvR-CFSL(69. 73%) Xk Z , A&
ITHEARFEAS 5 [y B 45012 s DCFSL(63. 44% ) | Gia-

939



PEERBEF ik

JOURNAL OF IMAGE AND GRAPHICS

Vol. 31,No. 3,Mar. 2026

ol e :
80 _ s i
75
< 70F
2 ____________________
S6st =
-=- Gia-CFSL
60 - w o
,.,-' e ACDESL.
55 bt ol (T 1
,,.,«' —— CNN-CDFSL
50 . , s LRCT-CDFSL

2 3 4 5

H ¥l Salinas NZFEAR g2

BT A5ETE UP B EARTEVIZREAC R T ik OA (i
Fig. 11 OA accuracy of algorithms on UP dataset with different

number of training samples

85F
80
5F
L 70F
2 ...................
O65F —
P -#- Gia-CFSL
oo £ H
&-/I iR ACDFSL
55 “+ ACDISL
-e CNN-CDFSL
50 T 1 e SROT.ChES

2 3 4 5
Hrisk UP N i/ 28

12 A BIETE Salinas $i 48 EARIIZEEA BT
gk OA fH
Fig. 12 OA accuracy of algorithms on Salinas dataset different

with number of training samples

CFSL(63.20%) F1 ACDFSL(65. 81%) 1 & ¥ 2% |, J5
HAE B 4 I SRR AR B BR T 5% (58. 34%—
63. 33%) ; TN-CDFSI 34 i % (42 ke A % B
2 B 3B N 4. 63%) , 5255 64. 36%., LRCT-
CDFSLTEA RN ZRbEA i B B mn il Ko R
ZAERE, BE T HAE /AR 50T 1

TE UP KR AE I Bl B 2SI R A i A 15
P A RN OA B HFL24R T+ W&l 11 BiR , LRCT-
CDFSLARFF iR, BN GFEALH H 1~58],0A
61, 17% Fa A1 2 84. 14% , Ju HAE NI ZrpE A% H
4~5 [y Bt B4 9 & P (+2.07%) ; LRC-CDFSL L
83. 06% RHEH G , BN GMEAE H L33 j5 R
58 21 (77. 17%—83. 06%) . ACDFSL 7F 4 2 Il Zr A
AHBCH K 35 6. 98% (70. 12%—77. 10%) , I
& 35 3| 81.49%. DCFSL 5 Gia-CFSL 43 % LA
81. 37% M1 81. 89% W2 , (EAIRAR A 1 B Bt (4528111 25
FEARECH 1~2 1) $2 T4 F- 22 (34 <10%) . MvR-CFSL

Bl IR (R S AU RFE AR B 2R 78.99% ), i TN-
CDFSL M 50. 81% & A1 2 77. 40% , B R Y 2R FEA
A2 F 3N 2. 57% , 1™ i HINVREAR 1 1 M
i, LRCT-CDFSL J7 ikt ik 7 HEH .
E Salinas $(45 48 | Bl & B 28 U1 A A £ 1 1
T, A AR OA 38 B E BT . A 12 TR,
LRCT-CDFSL 2240 B, YIZRAE AR NRESS 1 M hn =
54N, DA 72, 64% R AL EE T 2 92. 06% , JUHAE B2
YIZRREA S R 4 2 5 B By i R (+2. 96% ) 5 LRC-
CDFSL LA 91. 86% KB H 5 , 52 S MY ZRAEAET 2
At 5 7Y (88. 68%—91.86%) . MvR-CFSL 5
ACDFSL 2 B #2 3T , B & 43 %) ik 3 89.51% #l
89.21%, H: it ACDFSL 7E 538 4 DI ZRbf A i 58 1
4. 00% (84.55%—88.55%) . DCFSL 5 Gia-CFSL 34
HOV2  TE RISV AREA R 1 3] 2 By B A i o
8% TN-CDFSLARFEA f R MR 55 (5525 1 DI
ARBHAN R 69. 54%) AH 5 WG 38 2 (2SI 2R e AR
BH i 3~5 B BT +4. 31%) , e &3k 5 88. 13%.,
LRCT-CDFSL7E & AR AR T BR800 (e i 1
WRIA 19. 42%) BiE T LB MEAR 22 ) LR G0
5)LRCT-CDFSL & X A Transformer /2 1) 4% & #1
Res-3D-CNN. B £ 8t HSI BA /i — 42 /B4 iy
23 [Al—GiE (5 B, F06 HAz ] CDFSLAE 42 50 BH 5 3
ECIE MR AT 2 B o AR SCR T il S 56 96 UE A%
R A e Bl E ik R A 2 v R AR .
LR, A0 T 24518« 3 T 4li % & Y Res-3D-
CNN f#J) CDFSL &7 (LRC-CDFSL) £E IP il Salinas
% 4li Transformer ¥ 2% £ CDFSL .7 (TN-CDFSL) 7%
AESE , X FEAS 25 T Res-3D-CNN HEHUR FE 25 7] —
T R R 5 (E 2B AR I TR 4 R R AR AIE i 1
RCABU AR AIE A, [R)RE AN AT Bl il . 3 3 AR vL f LRCT-
CDFSL7E 3/~ 52 g0 854l b i) 53 200G B 3 d5e e, 1
Transformer ¥ 45 X -5 22 43 ~7 1 1 2 A0 4 Fn AR
FEREEE T BAT R I, K A A Res-3D-CNN fig
PRI EE I /0 A5 . LRCT-CDFSL Wl 1 LA Wifh
FL R Z R, Wi e R 2 5t R PEReAS LU Tt .
AN, 7 Fk 8 XA, 7E TN-CDFSL LRC-CDFSL 1
LRCT-CDFSL 3 Fp 8 % , TN-CDFSL i R #E I} £ ™
1, LRC-CDFSL& 15 L4 B, 1l LRCT-CDFSL 7E 42
FPERE T EE T SRR A T TN-CDFSL 7 i 47
ARACHE = , 76 1P A1 UP i 4 b (9 Il e of s v 1
LRC-CDFSL %3 ; LRCT-CDFSL 7 Salinas 335 4 I



M
BmE, MEE, K, HilE

$31% /5% 34] /2026 £ 3 A TH [8) 3518 5 e i B 15 45 I HR N\ Transformer B2 2% Res-3D-CNN

&9 LRCT-CDFSLXBAMFIHIHMIBER
Table 9 Ablation study of key components of LRCT-CDFSL

1%

piEES
Tk -
P up Salinas
TN-CDFSL (Transformer) 64.36+4.35 77.40+4.26 88.13+1.61
LRC-CDFSL (lightweight Res-3D-CNN) 70.37£1.52 83.06+2.71 91.86+1.12
LRCT-CDFSL (Hybrid) 71.013.02 84.14+1.46 92.06+0.27
T MR SRR 25 9 B 4t 2R
AU ZRRE R LRI A7 50 4 RO ot RE e 14 (G T 13‘; PO P
LRC-CDFSL. 4T 2 5 & 184S WAL coligpg o8 M ==
AT % B LRCT-CDFSL S d e T LA IR 5. 5| R e o
5 S 80t 779L--" R S &
2.4 SESW g 75 _72.;?6__-_-24_1.;5’5___——"’ ol 73*29_—73—‘74
)R TIRFEAS G 1R/ T x TXF RS 2Pk 70} o e
REARZA , 0 B T = 3,5,7,9, 11, 13 AT 5050 65 oo ~— Salinas
— N RN s o 60 |- = -
X BRI TE 43 AT 10 A S 525, SR J5 O 34 45 o5 T . . | 1 ikl
3 5 7 9 11 13

o E 13 7E Salinas B8 45 1 1P £ 4 I, v LA
TR AT b0 5% 38— ok B - B 2 TR 1A KN THY
WG K, LRCT-CDFSL B OA %2 44 52 3 1 B I 3 4
kB, 3R PR O B A A ) o RS R R
LRCT-CDFSL Tl 3§ i 25 [al{5 BORDOG 5 B Ok

IxT
13 LRCT-CDFSLAEA [ % H R/ Tk OA fi
Fig. 13 OA accuracy of LRCT-CDFSL under different

window sizes

95

& XA BT HSIA 432 . 7E Pavia University 24 9% ‘Su%g/%%NQMw
4 I+, LRCT-CDFSL i OA B A S B 5 MG T ol P
R R A, B0 R R S 2S IAB IR T 9 x OB, 28 [l48 esof 2’0 w10 ey s
A AN R SAG K 432087 A %) A7 T 25500 5 2 (1) & 75| 22 Bilinas -
T 34 T 5 1) 23 TS B0 HIC 7™ A A TE TR0 I Y SSTRIL 89 s
B2 TEZE B RN 9 x ORI, LRCT-CDFSL B
(¥ OA T Gk 3 1 X FRLAR A 12 Tl B 1225 1) o 605 - . 11 .

VERSIIHL

FUT B35 2 BE ARG A o PR > 3 ) 6 11 R/
9 x BT IXBIRIAEPERE RO Z [A] 35 2P

2) NHRFE Transformer 58k Hh i 22 7 L 80 H X
158 3 S Pk BB Y 52 W, 43 i) 3k BB R ) Sk R 33~
3T AT o X RERMEIE 73 AT 10 YO ST 5L 5
SRIGICE 55 . B 14 v 78 T A B0ds 4 h Bt 25
7B N, LRCT-CDFSL Y OA B A S B 2
IR TR, TSI R S E 354, 5
HAKLH OA ZZ 5B . FTLL e SR E0h 350,
LRCT-CDFSL Y OA CL285K 5 T AT BAR RS 2

3) MR Transformer JZ B 7 2 PERE (1)
SEMR A3 BEH 1 ~5 JZHEA TS0 . R EREAE IE 430
HEAT 10 RSS2 56 SR IE O 2445 2R . f 15 ik d
B 4L Bifi % Transformer 2 28 3 il , LRCT-CDFSL

K14 LRCT-CDFSLTEA RSS2 H T BTk OA fi
Fig. 14 OA accuracy of LRCT-CDFSL under different

numbers of attention heads

B9 OA & ARGE o) FEASAH [A] , i AR B2 Transformer 1)
LRCT-CDFSLYERE A E

3 &

EE XTI CD-HIC J7 32 7 T I 35 AR AL %
Yy 53 A HH A BE AR, A< SCH H LRCT-CDFSLHESE IF:
OB EE . FEEEIT .

DARSCH) B TAEE T & 7 —FH T CD-
HIC YRR AE $2 B 4% LRCT, 1% M 2% 3 i B Trans-



PEERBEF ik

JOURNAL OF IMAGE AND GRAPHICS

Vol. 31,No. 3,Mar. 2026

55 ~
—e—Salinas - \.19_'50
50| :
=-UP
45 —-1p
40 1 1 1 1
1 2 3 4 5

Transformer J2%%

E 15 LRCT-CDFSLTEA[A] Transformer 248 F T3k OA {A
Fig. 15 OA accuracy of LRCT-CDFSL under different

numbers of Transformer layers

former /2 A 4% = AL 1Y Res-3D-CNN ZE #4 r 52 ¥ 58
1% : B 9C , 7E Res-3D-CNN H R W 51 A1 x1 B fLE
5 VA s R 1 3 S R, s S R LA A
SRR TR AR A LR, T4 R = 4 U K AR
BRI 3B i a3 1 4015 Fll Transformer BAR G5 TR
A | SR A G B DX S A AT 4 Ry 1 5 ) E AR
- Az B ) 00 B SR Y SR AR — A R A A T
TIE A5 R0 o 3 AR R K b 49 4 A 41 Ak 5
J&i K LRCTAE M FRFAESE AR 8 A CDFSLHESL , 255
B 555 )25 T Ak $HE | D TR ) 4 /DA AR 2 o] T S AR 3
TE N FE AR R EE T N REAE R R 5 S D RE AR A3 2
Ui ) s A AR R LRCT-CDFSL.,

2) 1£ LA Chikusei & F 3k , IP ., Salinas F1 UP 2 H
i 385 11 5 e 52 56 op, LRCT-CDFSL [ OA 43 %) ik
71.01%.92. 06% . 84. 14%, B iiE T He gl A FRAFE 76 4%
Ui REAS R B SRR N R S 2ERe ). ST L
J5 A I, LRCT-CDFSL 7E [P Salinas 1 UP ¥ OA 43
ST 1. 28%.2. 55% .2. 25%, VI ZRIHa]j /b 47. 6%
~72. 8%, LI il S 56 UF SC HL il A SR ms (P T2l 1
2l Transformer £ 7)) Jfe B AR S5 80CR

3)8RTM, BT LRCT 32 43 fif 5 B 1 2 >J i
ZWE B AE H., H IR MKz IR, i A5 A SOy
AR REAS 56 22 AR J& Al Transformer /2 508 i 2
MEBERE TR L . FEAR TAE  THRIEA
A R 12 I R AR S R AR, KR Z W
s B B s vz AR, BT H & )V Conv-Transformer 42
A, LK 7 PSR R 24 AR i — AL R TR AR i

Zi I, LRCT-CDFSL i 12 55 2 G OBUIE S5 1iF 2 B
W2% 5 CDFSLAESE , i 3 32 T+ 5 Wl D REAS 6
FEHIRE R SROR, bR iC i BOrn e 22 5 ] Rt

BUHDLTT 5 RN R AR TRACREA SC R AR 5 2L
Ry R A R 5w N

2% 30k (References)

Basnet R, Goperma R and Zhao L. 2023. Attentive cross-domain few-
shot learning and domain adaptation in HSI Classification//Proceed-
ings of 2023 TENCON IEEE Region 10 Conference (TENCON ). Chi-
ang Mai, Thailand: IEEE: 220-225 [DOI: 10.1109/TENCON58879.
2023.10322397]

Chandra M A and Bedi S S. 2021. Survey on SVM and their application
in image classification. International Journal of Information Tech-
nology, 13(5): 1-11 [DOI: 10.1007/s41870-017-0080-1 ]

Chen Y S, Zhao X and Jia X P. 2015. Spectral-spatial classification of
hyperspectral data based on deep belief network. IEEE Journal of
Selected Topics in Applied Earth Observations and Remote Sens-
ing, 8(6): 2381-2392 [ DOI: 10.1109/JSTARS.2015.2388577 ]

Cover T and Hart P. 1967. Nearest neighbor pattern classification. IEEE
Transactions on Information Theory, 13 (1) : 21-27 [DOI: 10.
1109/TIT.1967.1053964 ]

Feng ', Wang ST, Wang C Y and Zhang J. 2019. Learning deep hierar-
chical spatial-spectral features for hyperspectral image classifica-
tion based on residual 3D-2D CNN. Sensors, 19(23) : #5276 [DOI:
10.3390/519235276 ]

Fisher R A. 1922. Statistical methods for research workers. London: Oli-
ver & Boyd

Garcia V and Bruna J. 2018. Few-shot learning with graph neural net-
works [EB/OL]J. [2025-01-12].
http://arxiv.org/pdf/1711.04043v3.pdf

He M Y, Li B and Chen H H. 2017. Multi-scale 3D deep convolutional
neural network for hyperspectral image classification//Proceedings
of 2017 IEEE International Conference on Image Processing
(ICIP). Beijing, China: IEEE: 3904-3908 [DOI: 10.1109/ICIP.
2017.8297014 ]

Hong D F, Han Z, Yao J, Gao L R, Zhang B, Plaza A, et al. 2022.
SpectralFormer: rethinking hyperspectral image classification with
transformers. IEEE Transactions on Geoscience and Remote Sens-
ing, 60: #5518615 [DOI: 10.1109/TGRS.2021.3130716]

Hu S, Gao F, GongZ R, Tao S E, Shangguan X Y and Dong J Y. 2024.
Parallel channel shuffling and Transformer-based denoising for
hyperspectral images. Journal of Image and Graphics, 29 (7) :
2063-2074 (H10D, wle, SR8, B RRlE, BELO, AT
2024. K T Transformer Ml it 36 ¥ & I47 48 U = O 6 B 5 &
M b E GBS, 29(7) : 2063-2074) [DOT: 10.11834/jig.
230381 |

LiZ K, LiuM, ChenY S, Xu Y M, Li W and Du Q. 2022. Deep cross-
domain few-shot learning for hyperspectral image classification.

IEEE Transactions on Geoscience and Remote Sensing, 60:



$31% /5% 34] /2026 £ 3 A

BmE, MEE, K, HilE

H [ B8 Lt B 5 5> 89 #k N Transformer 232 2% Res-3D-CNN

#5501618 [ DOIL: 10.1109/TGRS.2021.3057066 ]

Liu C, Yang L W, Li Z, Yang W, Han Z G, Guo J Z, et al. 2024.
Multi-level relation learning for cross-domain few-shot hyperspec-
tral image classification. Applied Intelligence, 54(5) : 4392-4410
[DOI: 10.1007/510489-024-05384-3 |

Marmanis D, Datcu M, Esch T and Stilla U. 2016. Deep learning earth
observation classification using ImageNet pretrained networks.
IEEE Geoscience and Remote Sensing Letters, 13 (1) : 105-109
[DOI: 10.1109/LGRS.2015.2499239 |

Peng Y S, Liu Y R, Tu B and Zhang Y W. 2023. Convolutional
Transformer-based few-shot learning for cross-domain hyperspectral
image classification. IEEE Journal of Selected Topics in Applied
Earth Observations and Remote Sensing, 16: 1335-1349 [DOI:
10.1109/JSTARS.2023.3234302 ]

Shen D and Ma L. 2019. Cross-domain extreme learning machine for
classification of hyperspectral images//IGARSS 2019—2019 IEEE
International Geoscience and Remote Sensing Symposium. Yoko-
hama, Japan: IEEE: 3305-3308 [DOI: 10.1109/IGARSS. 2019.
8898437 ]

Sun L, Zhao G R, Zheng Y H and Wu Z B. 2022. Spectral-spatial fea-
ture tokenization Transformer for hyperspectral image classification.
IEEE Transactions on Geoscience and Remote Sensing, 60:
#5522214 [DOI: 10.1109/TGRS.2022.3144158 ]

Tun N L, Gavrilov A, Tun N M, Trieu D M and Aung H. 2021. Hyper-
spectral remote sensing images classification using fully convolu-
tional neural network//Proceedings of 2021 IEEE Conference of
Russian Young Researchers in Electrical and Electronic Engineer-
ing (ElConRus). St. Petersburg, Russia: IEEE: 2166-2170
[DOI: 10.1109/E1ConRus51938.2021.9396673 |

Vaswani A, Shazeer N, Parmar N, Uszkoreit J, Jones L, Gomez A N,
et al. 2017. Attention is all you need//Proceedings of the 31st Inter-
national Conference on Neural Information Processing Systems.
Long Beach, USA: Curran Associates Inc.: 6000-6010

Wang B Q, Xu Y, Wu Z B, Zhan T M and Wei Z H. 2022. Spatial-
spectral local domain adaption for cross domain few shot hyperspectral
images classification. IEEE Transactions on Geoscience and Remote
Sensing, 60: #5539515 [DOI: 10.1109/TGRS.2022.3208897 |

Wang H Y, Cheng Y H and Wang X S. 2023. Correlation subdomain
alignment network based cross-domain hyperspectral image classifi-
cation method. Journal of Image and Graphics, 28 (10) : 3255-
3266 (L, BESE, THH. 2023, SCH T30 Fr W 4 1 B
HE otk g2 R R KB 2R, 28(10) @ 3255-3266)
[DOLI: 10.11834/jig.220763 ]

Wang X. 2021. Research on Hyperspectral and Multispectral Image
Fusion Algorithm Based on Convolutional Neural Network. Hefei:
Hefei University of Technology ( T P . 2021. %k 35 Bl 28 W) 4%
B LIS S 2Ot ER RS BT A IR SRk )
[DOI: 10.27101/d.cnki.ghfgu.2021.000660 |

Ye Z, Wang J, Liu H, Zhang Y and Li W. 2023. Adaptive domain-

adversarial few-shot learning for cross-domain hyperspectral image
classification. IEEE Transactions on Geoscience and Remote Sens-
ing, 61: #5532017 [ DOI: 10.1109/TGRS.2023.3334289 |

YouXE, SuYC, JiangMY, LiPF, LiuD S and Bai ] Y. 2024. Deep
embedded Transformer network with spatial-spectral information for
unmixing of hyperspectral remote sensing images. Journal of Image
and Graphics, 29(8) : 2220-2235 (W5 L, it , HE 2%,
AT, ARTE, P 2024, HEE B2 Transformer 45 1)
PR RS I AR TT I L P R B R IEDE 241, 29(8) + 2220-
2235) [DOI: 10.11834/jig.230393 |

Zeng Q J, Geng J, Jiang W, Huang K and Wang Z Y. 2022. IDLN:
iterative distribution learning network for few-shot remote sensing
image scene classification. IEEE Geoscience and Remote Sensing
Letters, 19: #8020505 [ DOI: 10.1109/L.GRS.2021.3109728 ]

Zhang Y X, Li W, Zhang M M, Wang S, Tao R and Du Q. 2024. Graph
information aggregation cross-domain few-shot learning for hyper-
spectral image classification. IEEE Transactions on Neural Net-
works and Learning Systems, 35(2) : 1912-1925 [DOI: 10.1109/
TNNLS.2022.3185795 ]

Zhao W Z and Du S H. 2016. Spectral-spatial feature extraction for
hyperspectral image classification: a dimension reduction and deep
learning approach. IEEE Transactions on Geoscience and Remote
Sensing, 54(8): 4544-4554 [ DOI: 10.1109/TGRS.2016.2543748 ]

Zheng Z Z, Zhang Y M, LiL T, Zhu M C, He Y, Li M Q, et al. 2017.
Classification based on deep convolutional neural networks with
hyperspectral image//2017 TEEE International Geoscience and
Remote Sensing Symposium (IGARSS2017). Fort Worth, USA:
IEEE: 1828-1831 [DOI: 10.1109/IGARSS.2017.8127331 ]

Zhong Z L, Li J, Luo Z M and Chapman M. 2018. Spectral-spatial
residual network for hyperspectral image classification: a 3-D deep
learning framework. IEEE Transactions on Geoscience and Remote
Sensing, 56(2): 847-858 [ DOI: 10.1109/TGRS.2017.2755542

Zhong Z L, Li Y, Ma L F, Li ] and Zheng W S. 2022. Spectral-spatial
Transformer network for hyperspectral image classification: a fac-
torized architecture search framework. IEEE Transactions on Geo-
science and Remote Sensing, 60: #5514715 [DOI: 10.1109/
TGRS.2021.3115699 ]

fEZ &I

WeE , &, B, ERRTFETr B bl g B R AL B
E-mail : yanglixial982@163.com

s EAFVEE B, BI B, ERIF T 10 A E R AL B
E-mail : guanyue_002@163.com

SRR , 20, AT ST A RIS T 1) A ML g ) S RS b
B, E-mail: 1826692512@qq.com

Wil , &, 805z, EENTETT A HLaR T A5 S b P 5]
1G4 B, E-mail : syyang@xidian.edu.cn



