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YRFEAS 5 B8 =22 8] 9 3 2% 53 A 22 5 3R (Belkin
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N T RRARCREA DR, F5h57 2] (Yadav
45, 2022) FIWEER2ES) (Wang S5, 2021) 4R
K ) WETE . SR, TE mDOGIE ER 85 3 5 S0
SrERAES T, BAREMGEA AT AT T ARICAEAS
F e R B2 A HEE A (Deng %5, 2020)
TEXFE LT, HEER I E AR bsicls Bk

Y is B HE: 2022-10-13; FRENAR: 2023-02-20

B HARE B2,

Xb T () — 1 JE& e AR AT B0 3t ) 23 A1 23 ) 7
I S, BB AL (B R 4%,
2016) . ik, FFHARMIS SR ARICHE BT i
TG MR T 2, R D EARICE AR R
PRICHEAS T 9 1 G 1 P A5 53 288 [ ) — o 5 s
IR T B TR, R TR A, ARICHEAR
T BRI R B AR 23 A, B IH
PG B AR TC AR AR o 2 A9 7 S T P RE A 2
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JRE 73S H) e ] — XIS ] B ] 8 b 30 0 A1 o 3X 3L
5 ISR e 38 ) A A A 23 ) 93 A A TS R AIE 1 2
AIRERAT B R, 4 30 B i 1 1 O Ky
RIXE (ZILH 5, 2020) .
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TR H AR 8] B A 25 e, A AR R B
Pl RIOES e A ST A SE 73
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Iy NP . R —2RT7 IR B AR S ) B R AR
oo X—J077E R IR A A E R A 25 5
i i 43 43 M1 TCA  (Transfer Component Analysis)
(Pan <, 2011) @il /MU KIIEZES (Gretton
S, 2007) , 8P SRS R B0 B 2 (E AR — A 3
[Fi) A ARG & = ) % 5% o T G2 BB RS SSTCA
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2 E AN H T AR KU DA, O A8 55, 2022)
B TIgEZ AN, HAB T B 55 A SR R B
i3t , WAH X 55 5 5 CORAL  (CORrelation
ALignment) (Sun%, 2016) {SORF P RR A 5% 52 3]
it as e, RO 5 IR A bR AR 4 B
D7 ZERE R o MAE T SORARSC A9 7% (Hotelling,
1936; Hardoon 5%, 2004; Li%F, 2019) RAFAEAE
He i F s o2t e R AR TR IORE A T H AR SRR AR 2 1]
MIEFE) I . F4h, Fernando%$ (2013) @il T+
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Sl R A Wl 1 ) 5 ) R O R S 5 )
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G A BAT I LA I SRR L o AR,
SEbnY s, IREORT F AR S AN [ 250 R A o3 A
AN, BRICEMBH LR AR, XLl
T ETCEIE A & 2RSS N A T — 2

B 2R BR 3 ol /N 1 [R] S AR AR B4 01 3 D
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(Long %%, 2013) ., &0 Xf 55535 (Zhu Fl Ma,
2016) . KL A1 B J5 22 %) 57 F 3k CCCA - (Class
Centroid and Covariance Alignment) (Ma %5, 2019) .
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k722 80 50 5 WA S A R 2R A o X B ot I Rk
e 3 ) 1) o 285 FVRR AT 412 R0 285 A %o Bt O 2R R
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IS CAN I FEA B4R 0 38 0 BB R
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(¢) et c i)
n % e X"

(c)
n, x e X,

Tr(A'XYM (X“)A,)
A, Tr()FomREEFERML, HEM, MR ICR
e
O o %o € XL
n.V n.V
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K, (x.0) = exp = H®

Kh, 2/ = Alxl, o BENBEFEAS BAREFEA
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(2) AT 0 BAREAEA 8 T4 ¢ 2K
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A ) 1Y Je B HE
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24 ETFZEERBHIREES

FEFEAT G M A AR 1B 8 0 28 1) e 37 - 25 (] 2
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FETas e ry Tk (LisE, 2012) XF2(10)
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fit, BEINFTIRED =yl 5 . v le
5) Mz RSERA AL DI E B AR .
HRERREGEE T, B IEHR
Wiy BARESRE Y.

3 SLERghER

3.1 SLIGEE
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YHER A 30 m. VNIR (AT WOGSIRLT4h) H4rFn
SWIR (JEIELIAN) It E 166 1B, SRR T
Horp 3945 BV H AP B . R T B iR v
ERA R, 5 20204E5 H 18 H BB GIEEGAE N
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L BAX . R 428, H o R AR A
65989 FEA, HARIFR I 6807 I FEA . 4525 Hi
&1,

[ T .t
zi =A%}

(¢) 2621—05—24 Hu i (d) 2021-05-24 B4R 11

(EEATNSIE Hbric &l
(¢) False color image on (d) Ground truth data on
May 24, 2021 May 24, 2021

BT 361 ZY 1-02D Brfia SR A9 B0t R L K 4 2 i ]
Fig. 1 False color and ground truth images of Honghu ZY 1-02D dataset
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F1 EEHEEREEMN BRREREER =
Table 1 The number of samples in the source and target

domains of Honghu data

i el T5I Hrisg
1 iK1 5155 682
2 KA 50935 4020
3 X 3530 471
4 A H 6369 1634

(2) RE GF-5 BG4 FIH &4 15 AHSI
(AT DL LT A N GEAHL) 20 F 2019411 H 10 H

(a) 2019-11-10 BB PEE @ K5 K Anic

F2 REHEEEMN B EEREE
Table 2 The number of samples in the source and target

domains of Wen—County data

] 251 8 SE732
1 ik 43626 16805
2 KA 19736 10493
3 A X 25393 24983
4 A< H 51131 48745

AR T t-SNE (Anowar %5, 2021) F&4E75
P ki ZY 1-02D il A B GF-5 Bods 1y )5 a6
FETERFIE S AT Tk, AN 3 T, S
] o5 B R VR IREAS , 250 = AT AN HARIEEA
4 FhEI € B4 0 48 1) 3% 1 RN 2 FP A 4 b b 4 26
Slo P 3 T AR SO B A B 4 4 TR R 1 14
M ERREGIES oA LA R ES, Hpgk
FE A 9 SRR IR £ B 2 R B A AR Ak, AR
PV TIRERY SN S, BRXAEAZ
Pl PR A RetE . B, FRATTH 763X P> B s 48
S AT S5, DL UEAS SCHR B B0 B
SR AR A

AN, T AR B IR A S AT 55 v il R AE 1T )
PE, ARSCRI T RS H BRI 4 bR DA,
¥ H Fisher FI 37087 77 (Zandifar %5, 2022) 1
S 7/ W2 AT 8 1= 7

F12019 412 J1 31 H 76 B 44 FE A B B 3 i) BT
DX IR B PR = s R . B S 23 [l 43 HE ey
30 m, FEIEEGIELE 330 DB, SCE MR T
o 69 MIRME MR L P B . WA s (2019-11-10)
HH AR AR (2019-12-31) B9 R SF 1 R 960
960x261, HABE@EMGILE 2, Witk m ik g
FRiE T REREA, &g, ARk, #5RIX, KH
42508y, HA IR EAS 139886 FEAC,  H bRlilids
101026 MEA, £ mfE B IR 2,

(b) 2019-12-31 3 B BCE (L UE S pmic

(a) False color image and ground truth data on November 10, 2019 (b) False color image and ground truth data on December 31, 2019

K2 8 GF-5Knde i BO (o R S pric 14

Fig. 2 False color images and ground—truths of Wen—County GF-5 dataset
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45 5 P 40 B0 5 T AN B 09 0, 38R,
T I 55 BT I 0 SRS OB AN L

3.2 Ifte&Ex

AR SR Y 2 ) N7 A B W SR (CIDA)
TESH PR LG T AT LA

(1) NA (No Adaptation) : FHURIARICHEA 2
A o2 B 2 F AR .

(2) PCA (Principal Component Analysis) : i
S ARIEAEAS P52 B 2 B s IR 4k 12 ) rp

(3) SA (Subspace Alignment) (Fernando % ,
2013): IR PCA A2 #7235 ] 5 H AR PCA
A3 [ R 55

(4) CORAL (CORrelation Alignment) (Sun
S, 2016) : JEGTLRAERLSS, XFFFUEAN H AR
P 2R

(5) CCCA (Class Centroid and Covariance
Alignment) (Ma %, 2019): E/CXF 5520 Fl[H]
FMEAR R TT 258

Js
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Fig. 3 Distribution of ground objects in each class in hyperspectral cross—domain datasets

(6) TCA (Transfer Component Analysis) (Pan
S, 2011) : FEAZAY AR R 25 18] R/ IMETRIURE A
PEUAT F AR AS S 22 1] BB B

(7) JDA (Joint Domain Adaptation ) (Long a0
2013) ;[ de/ IV TR AR R A 24 (B 25 L)
LA A 2R B

(8) MRDA (Manifold Regularized Distribution
Adaptation) (Luo Fl1 Ma, 2018): £ JDA FEffi I [7]
2% JEAE E L2 B

(9) JGSA (Joint Geometrical and Statistical
Alignment) (Zhang%¥, 2017): = WA~ 5 H T
RS B B A 5 WS, D80/ N JL AT 23 A1 22
S B[] B S R R P o

IR R P BB RE AR SRR, R
i B T 4043 25 4% NN (Nearest Neighbor) F13&F
LA RS FE R S AL SVM (Support Vector Machine )
XF H bR EGE C G R 26 . BAREREEAS (4 3 2R 2%
TR g D bR 25 F 7 1 B vk i kA R . BR
T RGN, B BB A o W LR
B AT 55 v Al AL B8 BE U W SR AU AL (Tang 55,
2022), ARSCIEXTEE 1T AF R A Se it B P A2 T IR
JE27 2] 4 R I P B e A -

(10) CLDA (Confident Learning—based Domain
Adaptation) (Fang 5§, 2022): 380 N FlE (5 2
SJRRGE G, AR 0 T Y B 25 A T A B R DA
B DIARIC FARREA BB A5 B . P+ B AH LAY
FUARAEAAE I 2 Bt L 2 v i 28 90 2% g 4L )
fEJ.

(11) TSTnet (Topological structure and Semantic

information Transfer network ) (Zhang 5 2023) .

BT CNN FRIE Zh A5 0 gt il A B sl iy 71,

P SR e i oA o} S5 FD E AR IR 4R FR 5 &
AR A FiR 1RO E#E T T X

H AR AS 19 SR 73 2545 B OA (Overall Accuracy)

BB AR BRI HE bR

33 BHIRE

(1) B2 Sl 37 (10 2 2 Pl b 215
B BERE: T =20,

(2) H T35 50 AR R A R
B RO R PR RN A IR B e 7
VR B S BE B 0.IN Ao N = min N, J& /I 25
FEAKE, N2 e ERREA KR . 78 ARy
FBEFRAT A ME A T 50% MUFRMEHEA (HAK
T 10000 HEA) I TSR

(3) BEEINGAEA : B2 PR BbRIC A%
R, A TRRAR AT B 2, X IR bR
ICREABRALRFE S B A 3258 o 0 Tk
BEMLRAE 30%, X THREEE, BEVLRAE 10%.

(4) BEEFRMRRMANE: =05,

(5) B 125 4L kA5S80S HAbIEGE N7
TERCE 5
34 XWER

341 BHEIEXRE

P FL B SR RE DL 3, e A% G Bl 1V J7
TR, BB CIDA LA PRl 23 e LR HUG T
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B2k B . T CIDA 25T JDA $2H Ay
2, S IDAAHLL, CIDA A950 2845 B 7E NN iR
179.56%, TESVM b4 1 1%, SWES 2] ik
AHLIG, CIDA7E NN L9 53 25 05 B Lk CLDA 4275 1
9.87%, L TSTnet4i/E 1 4.14%., BRiLZ4h:

(1) CORAL 1 JGSA 534 7 &b P L ) B 45 =2
Jo, ARG BEA L NA BEAIK . BB CORAL M ¥y
ZEXRT TR IGSA BYAR A S AN IS 1T I G o
T UGB E R REIR S, BAARERA
NG EREE P FR e (W oy 220 B . 8N ATk
) 25, BXEEEL IR AR SR /NIRRT H AR
2%

(2) PCA [F4E5 3 F1 SA 125 [8] % 55 53 g Ae fifi
FH NN 32K B HPEBE A HE NA - (f FH BG4 AE ) 3%
AARTE, W SVM 43 28 SR AR L NA A K42
Tt, VLB PCA FI1SA 15 2] iy X FF AR AE XT3 288 A
BRI, X o) A .

(3) TCA F1JDA BIE A & T+ . 4R 1 TCA
5 AEXT T AR BRI E 2 T 25 2RI RRE
Ti#s, BB IDARTIK . IDA [F% B
A EHNFRAEXT 55, EmBE R . MRS ™ &
BF, sretERE I HE T 22 BRI

(4) CCCA R T 20 m s 5 ik T4 57 B
AN R MY, TERT ARG B = ) NN 3 2545
AL LLIR B R 1R 55RO . ET LA RS R AR
SVM 4328 Zi H A A0 Oh A 25 7 B AL 1 B30k A X 5
PERE, RE NGRS

(5) MFE3d ] LLFE t MRDA & 1 FHE H Y
CIDA Bk REIR B AP MR . Horp MRDA B
BOMmIE 40, H B R AEREXS 55 1Y A B 45 R

(b) JDA

(a) CCCA

BERLAI 254, 7E NN 4r 264 FAH b JIDA & TR,
{HZTE SVM 730285 LR IMAEES . 4 19 CIDA J5
AENN FISVM AN r 2585 LR MEAL, REA AL
Ut A A M D[]S o S 2 A Tr)

3 OHWMBIESRLER

Table 3 Classification results on Honghu data

Bk NN SVM
NA 0.7081 0.4071
PCA 0.7081 0.8089
SA 0.7082 0.6988
CCCA 0.9023 0.2386
TCA 0.7162 0.7746
JDA 0.8089 0.8402
MRDA 0.8775 0.8147
JGSA 0.5784 0.1601
CORAL 0.5906 0.3241
CLDA 0.8058
TSThet 0.8631
CIDA 0.9045 0.8502
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Class-independent domain adaptation for hyperspectral
image classification
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Abstract: Hyperspectral image supervised classification is a crucial and challenging task in remote sensing, as its performance depends
heavily on the quantity and quality of labeled samples. However, labeling hyperspectral data is a difficult and time-consuming procedure.
This problem results in a limited number of labeled samples in real-world scenarios, rendering the supervised classifiers vulnerable to the
issue of overfitting. To address this problem, researchers have sought solutions in the field of unsupervised domain adaptation, utilizing
labeled samples from previous images (source domain) to classify new hyperspectral data (target domain). Most existing domain adaptation
methods strive to learn domain-invariant features in a new space, but many of them focus on aligning the overall statistics of the two
domains without considering the spectral shifts in each class. Other methods attempt to align every class of the source and target domains
simultaneously but often overlook the issues of mixture of samples across classes and incorrect sample selection. This may lead to a negative
transfer and reduced separability of data. The significant discrepancies across domains will further compound the problem.

In this paper, we propose a novel class-independent domain adaptation algorithm that addresses these issues in hyperspectral image
classification. Our method first creates an independent subspace for each class and then aligns the corresponding single-class samples of the
two domains in those subspaces. The posterior probabilities are learned independently through the aligned samples in each subspace. Then,
the posterior probabilities obtained from multiple subspaces are fused to produce the final classification labels, aiming at increasing the
confidence of results. Additionally, we use smoothed classification labels as pseudo labels for further iteration and incorporate a strategy for
selecting representative samples to enhance subspace performance.

Experimental results on two real hyperspectral datasets demonstrate the high classification performance of our proposed method.
Compared to the joint domain adaptation algorithm, our method with the nearest neighbor classifier improved the accuracy by 9.56% on the
Honghu data and 18.45% on the Wen-County data. Compared to other competitors, our method also has the advantage of generating
smoother classification maps with more distinct boundaries of ground objects. These remarkable results stem from the substantial
improvement in data separability achieved by our approach, which has been validated through calculations in our experiments.

In conclusion, our proposed class-independent domain adaptation algorithm is a promising solution for hyperspectral image
classification, providing high performance with reduced risk of overfitting. By aligning samples in the class-independent subspaces and
fusing posterior probabilities, our method leads to improved data separability and more accurate classifications. Furthermore, the use of
representative sample selection helps mitigate the potential impact of mislabeled samples on class alignments. Thus, our algorithm is able to
overcome the limitations of existing domain adaptation methods and achieve improved results. In future work, we plan to extend our method
to more complex high-dimensional datasets and incorporate advanced deep learning models. We also intend to evaluate the applicability of
our method for real-time hyperspectral image classification, which is a critical requirement for many remote sensing applications. Overall,
our research represents a significant advancement in the field of hyperspectral image classification, offering a new approach for solving the
challenge of insufficient labeled samples.

Key words: remote sensing, hyperspectral image, domain adaptation, classification, class-independent subspace, ZY 1-02D, GF-5
Supported by National Natural Science Foundation of China (No. 62071184); National Science Fund for Distinguished Young Scholars

(No. T2225019); Natural Science Foundation of Guangdong Province (No. 2022A1515011615); Science and Technology Program of
Guangzhou (No. 202002030395)



