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Abstract: In recent years, several supervised learning methods have been introduced in hyperspectral
image (HSI) classification. However, these methods use only spectral information without taking into
account the spatial features and manifold structures of HSIs. To overcome this problem, a new
classification method was proposed for HSI classification, combining spatial-spectral features and
manifold reconstruction. Based on the spatial consistency of ground objects distribution in HSIs, the
proposed algorithm used a small number of labeled samples and large number of unlabeled spatial
neighbor samples to perform semisupervised learning, and utilized the reconstruction error of test
samples in each submanifold to represent the similarities for discriminant classification. Experimental
results obtained from the Indian Pines and University of Pavia data set reveal that the proposed
method exhibits a higher classification accuracy compared to other classification algorithms under
various training conditions, the highest overall accuracy achieved in the two cases being 95. 67% and
91.92%, respectively. The proposed method integrates spatial-spectral information to represent the

submanifold structure of different land objects, exhibits superior discrimination performance,
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especially for a small number of training samples, and effectively improves the performance of HSI

classification.

Key words: hyperspectral remote sensing; image classification; spatial-spectral feature; manifold

learning; reconstruction error
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Flow chart of S*MREC algorithm
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Fig. 2 Comparison of S* MREC with KNNS and KNN
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Fig. 3 Indian Pines hyperspectral image
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Fig. 4 University of Pavia hyperspectral image
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3.4 Indian Pines T ER 545 MEF SRR, KNNSEEWAREEES

526 H, M Indian Pines 088 8 1) & — 28
Wb i BR 2 96 .4 % .6 % (8 Yo L 161 Bl AL 45 Hi KR
PEAEVIZRREAS 2 PR A Tk, % —2%
R B ZRRE AR S H /N T 10, 58— 3B 10 S
GRMEAS . 3R 2 NTEAT N ZRAEA LU T 45 Fh 43
KT BRI NG B )y 2%

K2 AEDZEEXTE Indian Pines IEE LTS ERR
(BIESRBEHELIREE)

Tab. 2 Classification results with different methods in Indian

Pines data set (Overall Accuracy= Std) ¢

Algorithm 2 4 6 8

KNN 57.87+1.39 63.23+0.9 65.17+0.81 66.37+0.,62

KNNS  66.8241,64 71,2940,79 73.74%1.03 74.95%0. 68

SAM 59.19+1.25 64,240, 96 66,220, 68 67.64+0.,63

SVM 65.3342.18 72.26+1.25 76.50+1.32 78.96+0. 65

IPD 84.64+1.33 87.07£1.22 91.51£0.65 92.35%0. 66

SCD 76.96+2.11 83.79+0.75 88.52+0.73 90.31+0,79
S*MREC  87.52%£1.30 90.4510.74 94.06%0.50 95.67+£0.23

1 2 Al AL 25 Bl 7 1 09 20 N B 1 BE 3 I
SR REAS R 4 0TS B4R T 3R IR D B A I 2
FEABC I N AT e 3 Bl A 2005 {5 5L . i

T KNN.SVM,SAM J5 i, & HiX 3 532805
AR T REA R OGIE(F 2 . 1 KNNS Bk A7E 55
ZEBF AT A T YR BORE AR A5 )R 58 30 418 9 T 45+
HEL B H A E G % B PE. IPD, SCD K&
S*MREC % 25 1% ¢ A 7 1 19 48 28 %008 AR F
KNNS J5 % H g U8R Tl ZRee A b 3
S T SR AE B AR T RO, TEAR
FINZR 40 F . S MREC 892 19 20 808 2 e i
() JCFEAE VN LR A /D B ATY AT 8 4 1 U1 %
PRI Ay JHE 3 3k ) I R A 19 25 ) 3 445 B R & 3
BE A K 10 Jey 5 0 T8 25 4 L E T 1 5 b ) oy 28
PERE

oy BT 45 FOL FE R S Y - o kAR, A
Indian Pines %4 4 BL Bl AL BE B 10 Y0 (14 5048 4501
GREAR LRI RFEA T, %R 3 AARF LA
Tl ) 53 NG BE L SR O3 G BE 1 34 4 O B LA
J Kappa 7 %, £ Fl 43 25 J7 vk ¥ 5 28 45 1 o
K7 Fs.

2 3 A1, SPMREC 55 vk 75 K343 b ¥y 2
Bivh BB ny o EOK # E, 7E“ Corn”,
“Soybeans-clean”,“Grass” &5 X JLZEH L A .,
S e, 72/ 7t SSMREC 556 19 50 286 45 1 7
A B HAth B9 L 7E K 2 XA o S 8 8>,

%3 Indian Pines IR h B R MM ETRRF % THH KR
Tab. 3 Classification results of each class samples via different methods in Indian Pines data set %)
Classes Train Test KNN SAM SVM KNNS SCD IPD S*MREC
Alfalfa 10 36 81.94 82.50 85.83 68. 05 97.22 100 97. 22
Corn-notill 28 1400 42.13 43.57 60. 69 54.02 52.18 75.98 83. 49
Corn-min 16 814 37.82 40. 75 42.92 46. 83 54. 24 76.95 83. 15
Corn 10 227 39.42 41. 85 48.19 13.56 44, 05 82.81 97. 80
Grass/Psature 10 473 63.12 64.97 74.19 75.15 71.24 84. 35 86. 68
Grass/Tress 15 745 78.79 80. 33 88.28 95. 42 85.73 91.93 88. 95
Grass/ psature-mowed 10 18 93. 88 92.22 91. 27 89. 44 100 100 100
Hay-windrowed 10 468 74,18 74,93 81. 60 95.92 99.78 99. 21 100
Oats 10 10 86. 00 89. 00 93. 00 79. 00 100 81.11 100
Soybeans-notill 19 953 53.24 54,45 53. 84 66. 00 77.23 85.72 84. 05
Soybeans-min 49 2 406 60. 64 61.67 70.12 83.52 81.25 91. 60 88. 82
Soybeans-clean 12 581 29.02 28. 89 39. 85 30.73 35.28 61.96 82.27
Wheat 10 195 88.92 89. 38 92.62 91.94 99. 48 89. 23 96. 92
Woods 25 1 240 85.59 86.51 87.17 98. 74 90. 88 95. 26 97.90
Bldg-Grass-Tree-Drives 10 367 24.52 26. 14 30. 05 35.09 36. 17 80. 31 80. 32
Stone-steel towers 10 83 89.63 91. 32 89. 28 85. 66 85.54 97.59 98. 80
BRI (COA) 67.66  68.96  80.66  75.58  91.85  91.85  97.12
SRS CAAD 64.29  65.52  69.83  69.02  73.62  88.21  91.60
Kappa % %X 0.52 0. 54 0. 60 0.62 0. 65 0. 81 0.87
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3.5 University of Pavia LW E RS54

5 S 56 1% B . M\ University of Pavia 3% %
S IR 0. 2%6.,0. 4%6.0. 6 %6 .0. 8 %4 L 5l B AL B £
PRI GRFEASE A B3 2 R A, 5 5 —
F OGRS H A2 10,5 — 2B 10 4~
GRREA, R 4 NTEAE B RAL S 5T AEAN R
YIAEAS B8R 45 5301 1Y AR 3 oKG FE RN 22

£ 4 AR EFTEETRE University of Pavia & FiL#E
EFHNEYR(BESLEMELIREE)

Tab. 4 Classification results with different methods in

University of Pavia data set (Overall Accuracy +

Std) 0

Algorithm 0.2 0.4 0.6 0.8

KNN  72.56+1.04 75.41+1.20 77.9540,93 79.17£1.02
KNNS  77.86+3.05 80.3241.71 82.95+1.52 82.29=1. 44
SAM 70.12+1.51 74.1941.19 75.23£1.38 77.42+1.16
SVM 79.1241.01 84.50+1.30 86.37+2.13 88.06+0. 94
IPD 86,2310, 81 88,1440, 77 90.47£0.91 90.80+£0. 95
SCD 74,5641.51 80.59+1.18 83.18+1.05 83.8940. 56
S’MREC  87.57£1.00 90.71£0.21 91.34£0.26 91.92£0.53

WRAER 4 A4S TS B & AT . S"MREC
SR R A R A X TR UR T T &
G AZ B 23 18] — SO I 3 A O T T B — 2k

(dHSVM

(g)SCD (h)S* MREC
B 7 B AL Indian Pines BRI 28 MY 73 2 45 R

Fig. 7 Classification results with different algorithms in each class samples of Indian Pines data set
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AT HAF 0 50 2V e R 2R W 109 3 0K B L 6
TRy T P 200 0K B L S Kappa & 84100
THART . R AP 8 W LLE F| S"MREC &
B0 oy 2R 45 R B b B gy R D R < Soil 7
“Asphalt” . “Tetal sheets” 4§ XL HH T,

B UL A 2 AT T Indian Pines (¥ %
M5 . University of Pavia #0355 WAL & A0 A 254
YIREAC T 2w, Fo ) A1 o8 Ry 9% 4R L 25 TR AR AR
FH VAR 5, T B Sy 4 0 3 0 38 A7 B . CHE B9 iE
KRV RE B L 2 U ZR AR AS [ B4 Indian
Pines $4 S BON AR RN + 702 —, N
JE W LR a5 ROk FE A L E A B, SSMREC
B REG R ERE, RS FH AR ERET
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0.2%.0.4%.0.6%.0. 8% &5 HHY,



1834 e KRR 5 26 %

&5 University of Pavia iR S XMW ERR T ETHSLER

Tab. 5 Classification results of each class samples via different methods in University of Pavia data set (%)

Classes Train Test KNN SAM SVM  KNNS SCD IPD  $!MREC
Asphalt 133 6 498 79. 24 71.53 88. 87 86. 25 82. 00 95.63 98. 04
Meadows 373 18 276 90. 65 91. 87 95. 69 80. 39 99. 00 97.58 98.16
Gravel 42 2 057 54. 04 59. 77 77.67 74. 88 60. 00 81. 67 71.27
Trees 61 3003 76.59 78. 37 90. 70 89. 22 74.00 93.93 96. 31
Tetal sheets 27 1318 99. 25 98. 42 99. 47 99. 47 98. 00 96. 10 99.70
Soil 101 4928 49. 27 40.11 73.49 79.51 57.00 76.06 84.31
Bitumen 27 1303 72.82 71.91 73. 80 52. 24 88. 00 93. 39 62.57
Bricks 74 3608 71.17 74. 32 80. 33 73.55 90. 00 85. 24 81. 43
Shadows 19 928 99. 68 90. 39 99. 48 98.09 97. 00 99. 57 99.79
SRR (OA) 79. 45 78.13 88.98 81.12 86.37 92.51 93. 60
B (AN 76.99 75.19 86. 63 81.71 82. 74 91.01 92.95
Kappa %%k 0.72 0.71 0. 85 0.76 0.82 0. 90 0.95

() B3 Y
(a) Ground-truth

(c)SAM

(e)KNNS (HIPD (g)SCD (h) S MREC
K 8 £ ¥ETE University of Pavia U984 I a0 254 /2545 7

Fig. 8 Classification results with different algorithms in each class samples of University of Pavia data set
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