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Y5, SRS 20 N 200 o3 28 4 X R AR e A A i
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JEIEAE B 7 RAE AL T 2 —i% (5 B K5
ko FETOUIEE B JERE UK S5 E B
XF GG AR T o2k, b i o 2 g Sk
W J& SZFE M AL SVM (Support Vector Machines )
(Zhang 55, 2004) F1Z 2 AL MLP (Multilayer
Perceptron) (Zerguine 45 2001) . SVM L 45 #4 X
B e /NG THEN R R A o3 2 T S B2
MLP B LA 235 000 2% 1) 245 40 e o iy A B0HE R4 T i 2%
Gy, M T2 —i% M5 B o KRR A OGS
5 BRI, B A T e O 1 P45 b 26 55 7Y 23 1]
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(Camps—Valls 55, 2006) 1) J5 % J& B FE Al (1) 25 —
Wy RITIE, CKRMAS G 1S HUET 1RO AEAR
M SREE R, R EE B, R 5eIEE
BRAME S, 58] CKEH SVM AR R %L, A2
fem 1tk R L

SR, AR MBI R IR LA o2
ity 2R IR 1 S8, D R G i S
Bl , R G i B R W 2 R e S
B (Li%, 2018; Ghamisi%, 2017), {HJ&H T4
PRI 2R, SRR ICAEA B A S 103 B DY
8 52 B N P AE AR T 4R A5 IR 8 I AR ISR AR R 3¢
e amnilZs (Bioucas—Dias %, 2013),

LB, B IS IE A W O L R
PLhRiE BE AN 2 A9 [ (van Engelen 1 Hoos,
2020) . B RE R R A R ARC AR 1
T, A ARbRIC B P2 A R E R B 2k
ar IR, BESA RS I o3 28 4% iz AL M AR
K (Camps—Valls %, 2007), —#kims, 2 WE
Y RBEER LA BRI SR O 2 (Li 5§,
2020) . FETEIETE (ChendE, 2017) KK AT
GIri: (Geds, 2021).

PRI 2507 A AN [ AL I I k75 3 24>y
Fedw, WL I3 a8 Z A P R AR P 52 BN TE
FRiCREARY 4325, Tri-Training (Zhou fILi, 2005)
B bric ol e 0 3K, AR AR L I 2k %)
B 300 264% . ARG R AR Loy I SRR ICAEA
WHATHREE; TT-AL-MSH (Tri—Training with Active
Learning and Multi-Scale Homogeneity) (Tan & ,
2016) BT ZAEMERNE R, @I TE4 S de ik
PE3I N HAMYRER RS, Wik TSR
Tri-Training, A ZAY4E S T 4028w 0502568 T 5
Multi-Train (Gu F1Jin, 2017) ¥ Tri—Training HE—
AR B TE 2 R DR SR e . EE IR U 24
BOR Z W Z (AP , FE SEBR Y I AR T
MELLTH 2 (Wang %5, 2014)

BT AL 0 7 A N TR R S8l s T ) — 48
B REAS A BRI JE TR —380. LP (Label
Propagation) (Wang #ll Zhang, 2008) #4Ji fr 45 #£
AR Z B ARV £ 1 MAE I, AR5 A REATE
FLAHAR 0 FE A ] AT hR 25 15 46 5 NLP (Negative
Label Propagation) (Zoidi %, 2018) W\ Mirls
BEAR T T2 B 2 T 1id 725 SaGSSL (Safety—
Aware Graph—-Based Semi—Supervised Learning) (Gan

S5, 2018) JH a4 e R H W i A A Y PR R A
G, ABUE AN HIEEE S, JF ) 1
A B e s ER IR TR 0 i
AR AT EOR, W 2R R A (Ge5F,
2021),

HINZRI7 A 2 W e A i & 7 12,
HA AL, AT Z e R A (van Engelen
FlHoos, 2020). HIIZRT7 & B SCA AR EE I
R 1WA 3 28880 Kb ic Bl #7702, AR
VPR B AR LB AR A BEATARIC , e T
FE S B bR 1O B 4R 8 BN A AR I Sk AR
Al ZRad B b, fie oy OB AR 70 00 s AN A 2R A5
fFEE R I 2R E5 R, oI R iy 2 K e e /D &
Pric &l AT gl gk, UIGRAE A A0 AN 2
SR RBINGATES, B o X R8s ™
ARRHA MRARICHEA P A S R R AT A
W S, R B A A S e RO R 2%
(Gu, 2020).

R T4 AVIZROTERIPERE, CAB SR
Al BN DT B BGHERAS . TSVM (Transductive
Support Vector Machines) (Bruzzone %%, 2006) %
FHZHAS A Ry AT B IIZRJ7 1 SVM 43 2 i 45
A5 B BIFEA ; SBSL (Segmentation—Based Self-
Learning) (LuZ§, 2016) 18 &4 B2 AR ) 43 %)
A ERE LB R AZHANEEA, UIHEEA
IG5 AT RO I 25k MBS 5 S 4l 5 SP-SVML (Self-
Training Approach with Pseudo) (Aydav Fl Minz,
2018) fdi FH AR S0 UE AR SR TS RY 7 K 2, oD
%75 ; ST-HP (Self-Training Hierarchical Prototype—
Based) (Gu, 2020) F| s HAEFE M2 IR 45
. LA XNZR T 1B TR G 1) 7
s, LIUGEE RGN, HERME
() B IR Rl A 2 (1) 288 T i
BRI S EER, RBURAEREZ
B 5 (2) A5k AURR G S0 T 43 28 8% X AR bR
AR TIr 2, W5 R I ] AR

BEXS BB, ASCHE Y 1R LT A i —i
5B B Y%k 777 FST-SS (Fast Self-Training
with Spatial-Spectral Information) . FST-SS 7E % IX
AR SR T A TE R bR O A 4 1 A 8] 3T
B, REARERICAEA DI AR EUE BT A
a5 5 (B 2 ) B 4 R R AT O e A5 B AR ICHEA Y
IR A, A A I AR S PRI R A [
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T XTFRE MR, wEREL (3) it
x5 H R R PRIC A Z [ OGS R EE B, 15
B[R PR IC A Z 0] (4 FE B M, IR 8 %, il
SRR VE (e, R
b,=mind(x,x;),%,%, €S (4)

BE A AR B AN WG, A S (E b, 1Y
o 2 PRHR D, B O S i T AR A R s
JERE, EARRIE TR AR ICFEA A MER B . (HE
Bl (R b, AT T B, A — A TR Y [F] 6 A
ARBA PN A BB G PR B e b 2 0 I A S
WAE b, AL b, B UGE R b, 194, Bt
TS LR B b, = mind(x, x,), %, %€ S,
R 2, 5 A0 3 AR B 2 IR S ¢ R0
Jp AR AU . AR T LAV SE b, B R RGE E, T]
DI EE Z ) RPRICHEAR N AR B
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R AR AT DLSE R 1 A I 2R 72
F U ZRA5 20 0BT ARG A B 50T bR ic FE A 4R
GIFE, —EBEAT 1RERINZT, 2l
B ds HE K0 H A TE 58 B 1k B 38E 1 o Rk ALK
o T A SO AE AR IO R 1Y AN SR A%
GE sy KT, IR A I EIE AR 2 ) oy ik
PRic B g, bR E s R E, i@ %
il o3 S AR XTS5 SR AT 4326 0 ASCRATINN (1-
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Fig.2  Washington DC Mall Subimage dataset
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Table 1 Ground truth of main classes on Washington DC
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Fig.3 Indian Pines dataset
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%2 Indian Pines #iEE M MHERER

Table 2 Ground truth of main classes on Indian Pines
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10 ik I NR 972
11 U [FNR ) 2455
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14 RiA 1265
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16 s 93
st 10249

32 XWigE

N TR FST-SS B4 2, ASCHE FST-SS 5
W B 2R B INN 2 B 732 530K Tri-Training |
Star—SVM (Self—Training with Adaptive Regularization
Support Vector Machine ) (Cheung #1 Li, 2017) .ST-DP
(Self-training based on density peaks of data) (Wu 55,
2018) Lk J LeMA (Learnable Manifold Alignment)
(Hong 5. 2019) #EATNFHEsEEG, HH FST-SS-
fixed F/R il FH I E b, . FST-SS-unfixed 22/ fii F 5
{ELb,, P SRS AT R B I SRR AR AT 525,
DATRAERT LER AT o X T8 1 R Bie 8, A SCHE
BRI P RENLERE 2 . TOREARVE M UIRFEA, 4
TR IR
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B FST-SS fE L AR EL A 50 B 45 R O 288 T
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RN IIFEER

33 XWHER

3.3.1 Washington DC Mall Subimage £{#7 &
3 MK A3 s BB EENLIERE 2 F1 104>

YIGFEARN E BTN AE R, NG RPT LI,
A SCHE 9 FST-SS—unfixed . FST-SS—fixed 14 ft
e AR AT B A% BE Fl kappa {8, 117 H. 78 K 22509
SRR BRI S 0 S B . AT 2R Rl L E
B2 INGREA I SE IR g rfr, 4 FOuT i 2 B
KA RS BE AR T INN 43 25 28 4B A AN % 1) 4
Th o Fr Bt 0 SR o ) BOAS: die AR AR PG RS R
Horf FST-SS—fixed H FE [ 42 F+ 48/, 1 FST-SS-
unfixed £ THR Z 11K 16%, X WIEH T FST-SS &
AR IEEAR AT IAE M . 10 BEE I SR AR 1)
Wik, MRS 10 M GREA N LR, 7
Hh A R R R DR R A e D0 R ARG B, eI 2k
FEA I Z2 B 15 0 FST-SS—fixed A4 R JE K Ji2 44
fn, g b iy X B B EE T FST-SS-
unfixed WK TH £ 45 ¢ 25 AO K B2 S AN 6 43 5
bl Washington DC Mall Subimage PR I ASF W) 4G
YIRREAR (R 43 285 0 . vl 0L . e 2R e 4 2 M)l
GRREARRT, ASCRMMBEEAESE 0K ES (HE A
) A B RRR AR, SR
B HAb X LS s, 1 FST-SS—unfixed #1458 F FST-
SS-fixed M 75, FE5E S KM (@) hia
BOPUE I A R RIS 10 DI R AR
B, ASCHREMAIEESREIRGRED QR
Ho) WA EA AR aE R BT AR FRICREA
TR IR B OAH . T WL Ar 2B K5 8 & i
IR AR ICREAR B B i34 i, AR hRiCREAR
FIK 20 I OA (BB THAE

3.3.2 Indian Pines Z{1E &

5T 6 730 R E AL RE 2. 101145
FEAFE Indian Pines 44 L 10 EIFMM A5 R . AT
W: TERESRENLERS 2 NI REAR R SL g p, 2
HH PR B S AR S U AR PG ARG B, b FST-
SS—fixed ¥ B (1 $2 T35 5] 18%, fif FST-SS—unfixed
TR Z 3K 27%; FEREIEHESE 10 DUNZRAEA
SCES A, PR SR R AR R R A S AR IR AL 1
15, 8 FE 943714 Indian Pines #(#i4E I A [H]
LI R S N e T VA 6 B o 1 2 R B N3
/>, Fr DU AORS BE 3R, 40 28 45 S ] v e s 45
%5 A SCHE B FST-SS A 5 8 - 1 Y 43 2 2%
R, BIANAESS 8 A H s —Hkl (2L i) Fish
1SZES R @) hnl DI B & R[]
M, AR b, B 10 RN TR
AR IO AT YR AR 250G B2 OA 8], T Indian



224 National Remote Sensing Bulletin

#ER&FIR 2024, 28(1)

Pines UG EEREA 3 AT AN 5T, 000 28 ) R RE AR
B, BFLASE 1. 7. 9K B B AR ICREA I,
WP S50% VE NPT EAnicHEAR . IHE SRS

95

90

HER SN

80 1 1 1 1 1
0 10 20 30 40 50

ISARE
(a) Washington DC Mall Subimage {3545 525 2 M ZriEA
(a) Washington DC Mall Subimage dataset with two training
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Fig. 4 Parameter analysis diagram of the maximum number of iterations under different datasets

%3 Washington DC Mall Subimage #{{E &2 EEE
Table 3 Classification accuracy of Washington DC Mall Subimage dataset

eSSl INN Tri-Training Star-SVM ST-DP LeMA FST-SS—fixed ~ FST-SS-unfixed
C1 95.62 100 97.32 99.23 81.73 88.31 96.30
c2 73.46 59.56 93.29 70.66 92.50 94.23 88.27
c3 81.31 96.06 85.54 3.47 51.92 84.98 83.38
C4 93.04 83.59 97.04 44.86 16.56 92.89 95.69
cs 32.44 96.64 55.59 65.38 54.20 25.52 97.43
C6 45.47 15.44 58.21 66.18 82.84 97.92 99.75
c7 61.33 70.11 76.60 23.49 32.82 67.73 96.89
c8 96.99 0 96.80 91.25 97.65 98.40 95.39
0A 77.87 70.89 88.40 65.71 69.36 85.67 93.17

kappa 0.7357 0.6524 0.8589 0.5931 0.6258 0.8269 0.9179

T M O IA  SRd AO28 2R s OA U IR DSOS BE 5 S 002 SRAE AR5 2 DN GRREAR T AT o
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%4 Washington DC Mall Subimage {358 4> £ 45 B
Table 4 Classification accuracy of Washington DC Mall Subimage dataset

el INN Tri-Training Star-SVM ST-DP LeMA FST-SS~fixed ~ FST-SS-unfixed
C1 91.74 98.21 99.39 99.26 81.84 97.73 97.15
Cc2 88.10 95.72 94.03 94.44 92.31 89.19 96.45
C3 81.46 79.47 55.16 49.29 82.02 85.81 89.78
C4 92.08 95.15 95.78 84.93 95.36 92.54 93.39
G5 87.94 86.04 80.86 38.38 88.43 84.15 93.82
C6 67.33 69.80 72.15 89.48 84.53 74.01 97.28
C7 81.22 77.99 89.59 19.89 86.83 85.17 93.19
C8 96.02 95.92 96.68 91.47 96.49 93.93 98.20
OA 87.81 91.47 90.22 80.67 88.21 90.09 95.43

kappa 0.8534 0.8965 0.8813 0.7647 0.8655 0.8804 0.9446

LA P55 OA RFAE IR X JERT L s LI AT RAE R 10 DI RMEA T JEAT

= o 2Ty

(d) ST-DP

| R R BE3
s YR
N I [EN

(e) LeMA (f) FST-SS—fixed (g) FST-SS—-unfixed

[¥]5  Washington DC Mall Subimage %4 48 5525 2 AU ZRAf AR 43 25 45 A
Fig.5 Classification results with the Washington DC Mall Subimage dataset with two training samples per class

(a) INN (b) Tri-Training (¢) Star-SVM (d) ST-DP
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Fig. 6 Classification results with the Washington DC Mall Subimage dataset with 10 training samples per class
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Table 5 Classification accuracy of Indian Pines dataset

333 HEBMEST

TR T AREILRNTTERCEX L. WET
HhA] DLk P FST-SS—fixed 151740 B0 15 T FST-
SS—unfixed, X J& [F & FST-SS—fixed 7 Il 45 i 7%
F [R] (8 A9 5 U B S HRT FST-SS—unfixed, AT LA
FST-SS—fixed 75 Yl 253 2 o 25 JE R 1 A AS > F
FST-SS—unfixed, A I FST-SS—fixed I 5 i 31545
I B B /D, {H J& FST-SS—unfixed fix 2% 4 120K i
B F FST-SS—fixed. A 75 FST-SS—fixed Fl
FST-SS—unfixed BT 5 B 1155 05 ] & 2 42 /N T 4 Fb
X EC )2 B Ay R AL . XRRIGAIE T T 4R Bk
A Rk

1%

251 INN Tri-Training Star-SVM ST-DP LeMA FST-SS—fixed FST-SS-unfixed

C1 95.45 79.55 86.36 97.73 68.18 75.00 100

C2 18.30 23.70 31.21 25.74 23.70 49.30 75.04

C3 1075 4.47 19.81 15.22 63.65 49.88 37.44

C4 32.77 32.77 24.26 33.62 25.96 53.19 93.19

cs 53.85 30.15 3.74 43.24 57.38 61.95 64.45

C6 55.08 38.32 72.66 70.05 50.96 79.95 74.04

c7 96.15 88.46 96.15 15.38 100 92.31 100

c8 18.49 28.57 12.18 5.88 83.40 65.34 94.96

C9 77.78 55.56 88.89 77.78 83.33 88.89 100

C10 27.53 31.03 20.10 7.42 25.67 35.98 69.69

cl1 39.46 68.00 61.19 69.10 37.02 32.16 31.92

c12 23.35 7.95 5.58 12.86 31.13 19.29 8.80

Cl13 89.16 93.10 92.12 0.49 82.76 93.10 98.52

Cl4 27.95 37.29 48.77 22.49 79.57 88.76 75.14

C15 18.23 23.18 10.42 37.50 53.91 12.50 95.31

c16 86.81 93.41 86.81 82.42 93.41 75.82 100

0A 32.41 38.46 39.16 36.46 47.44 50.73 59.75
kappa 0.2474 0.2999 0.3044 0.2717 0.4492 0.4492 0.5545
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Table 6 Classification accuracy of Indian Pines dataset

1%

Sl INN Tri-Training Star-SVM ST-DP LeMA FST-SS—fixed FST-SS-unfixed

Cl 75.00 77.78 72.22 72.22 97.22 97.22 100

C2 31.38 49.29 42.31 24.75 57.19 77.43 89.00

c3 38.90 40.24 46.95 32.56 54.02 68.90 80.98

C4 43.61 6.17 37.89 42.73 83.26 92.95 99.12

c5 76.53 72.09 80.34 81.40 94.71 90.70 95.77

C6 68.33 82.22 72.64 57.22 92.92 72.22 88.47

c7 100 94.44 100 88.89 83.33 0 0

c8 67.52 48.08 75.85 65.81 91.67 98.50 99.57

C9 90.00 100 50.00 50.00 100 100 100

C10 38.15 34.51 34.93 29.52 64.86 83.06 88.36

clt 51.74 4438 57.22 51.41 46.58 66.99 69.24

c12 4374 22.98 53.52 29.85 83.36 74.10 68.44

Cl13 89.74 87.69 96.41 86.15 99.49 96.41 98.97

Cl4 73.63 71.24 72.19 65.42 82.79 71.39 83.59

Cl15 27.33 48.67 57.71 22.34 79.52 7473 98.67

C16 90.36 80.72 85.54 95.18 97.59 100 100

0A 52.05 50.76 57.55 46.92 68.50 75.78 83.16
kappa 0.4615 0.4445 0.5230 0.4015 0.6474 0.7252 0.8096
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Fig.8 Classification results with the Indian Pine dataset with two training samples per class
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(b) Tri-Training (¢) Star-SVM (d) ST-DP
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Fig. 9 Classification results with the Indian Pine dataset with ten training samples per class
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Table 7 Run time analysis

BT ] /s

BB Reald s INN  Tri-Training  Star—-SVM ST-DP  LeMA  FST-SS-fixed FST-SS—unfixed

Washington DC Mall 2 0.22 562.6 54.8 1008.9 136.9 5.69 13.14
Subimage 10 0.39 156.9 199.5 1689.5 261.6 11.53 20.48
Indian Pines 2 0.27 612.25 45.56 1493.67 168.4 7.53 21.59
10 0.45 184.48 169.83 2011.55 267.1 12.15 36.35
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Abstract: Hyperspectral image classification has been a popular issue in the field of hyperspectral image interpretation. The prominent
problem in hyperspectral image classification currently involves the considerably time-consuming and expensive manual acquisition of
labeled samples for hyperspectral images in practical applications. This problem leads to a sparse number of training samples and increases
the difficulty of obtaining good classification results. Self-training methods are widely used in hyperspectral image classification to solve the
difficulty in labeled sample acquisition in hyperspectral image classification. Traditional self-training methods mostly use spectral
information to classify unlabeled samples and then utilize the expanded labeled data set to iteratively train the classifier to complete the
classification task. In this model, the spatial information provided by the hyperspectral images is ignored, resulting in poor classification
accuracy. Simultaneously, the classification of unlabeled data must be completed once during each iteration, resulting in a significant time
cost. Therefore, a fast self-training method based on spatial - spectral information is proposed in this paper for hyperspectral image
classification to address the above problems.

FST-SS (Fast Self-training based on Spatial-Spectral information) supplements the spatial information in hyperspectral images by
exploiting the consistency of the spatial distribution of features in the hyperspectral images. Instead of using the classifier to classify
unlabeled samples, this approach uses the spatial - spectral information to filter unlabeled data and extend the labeled samples during the
iterative process. The spatial nearest neighbors are first selected using a spatial domain patch for the initial labeled sample. The spatial
nearest neighbors are then filtered using an adaptive threshold to obtain the spatial - spectral nearest neighbors to be labeled. Finally, the
classifier is trained to complete the classification task based on the expanded labeled samples.

This paper compares FST-SS with the supervised classification algorithm 1NN, the semi-supervised classification algorithm Star-SVM,
Tri-Training, ST-DP, and LeMA on two real hyperspectral datasets to demonstrate the effectiveness of FST-SS. Experimental results show
that the overall classification accuracy reaches 93.17% and 95.43% when 2 and 10 training samples, respectively, are selected for each class
in the Washington DC Mall subimage dataset. The overall classification accuracy in Indian Pines dataset reaches 59.75% and 86.13%, which
is a significant improvement compared with the comparison algorithm.

The FST-SS algorithm uses the spatial - spectral information provided by hyperspectral images to label unlabeled samples by
combining the ideas of self-training methods. Compared with the conventional self-training methods, instead of using a classifier for
classification, FST-SS uses the spatial - spectral information to filter the unlabeled samples directly, which markedly improves the
computational efficiency of the algorithm.

Key words: hyperspectral image classification, semi-supervised classification, spatial-spectral information, self-training
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