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Feature extraction of hyperspectral remote sensing data using

supervised neighbor reconstruction analysis

Fang Min, Wang Jun, Wang Hongyan, Li Tianya
(College of Science, Sichuan University of Science & Engineering, Zigong 643000, China)

Abstract: For the feature extraction methods of hyperspectral remote sensing data, a new method, called
supervised neighbor reconstruction analysis (SNRA), was proposed. First, this method reconstructs each
point with neighbor points from the same class. Then, it preserves the reconstruction relationship and
separates the data points from different classes as far as possible in low-dimension embedding space. And
a total scatter matrix is used to constrain the correlation between data points. Finally, it obtains an
optimized projection matrix and extracts the discriminating feature. SNRA not only preserves the local
structures of intraclass data but also enhances the separability of interclass data. And it reduces the
redundant information. The experiments on Indian Pine and KSC hyperspectral remote data sets show that
the proposed method can better reveal the intrinsic property of hyperspectral remote sensing data and
effectively extract the discriminating feature to improve the classification result.
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Tab.1 Highest overall accuracy of different methods(OA+std (% )(dimension))
Method 30—train 40—train 50—train 80—train
Baseline 80.50+1.74(200) 82.08+1.65(200) 82.22+1.29(200) 84.72+1.11(200)
PCA 80.48+1.77(46) 82.04+1.62(50) 82.16+1.31(32) 84.67+1.09(32)
LPP 80.91+1.60(8) 82.66+1.43(42) 82.47+1.51(40) 85.09+1.11(42)
NPE 82.98+1.33(44) 84.47+1.09(34) 85.15+1.11(26) 87.22+1.30(32)
SLPP 81.80+1.71(42) 83.64+1.51(44) 83.37+1.48(46) 86.12+1.03(24)
SNPE 80.46+1.72(46) 82.24+1.59(32) 82.43+1.47(46) 84.85+1.15(44)
MFA 82.32+1.90(44) 83.73+1.46(46) 83.78+2.05(50) 83.49+1.03(46)
SNRA 84.49+1.36(8) 86.45+1.35(46) 87.27+1.12(8) 89.48+0.55(8)

1028003 -4



aohligok T2

% 10 2

www.irla.cn

% 45 %

HT Il 2 R 1 AT, Bl A 2 o A 4 B (1
Oy RAL R WG N IR R BRSO B R
NGB TN, SR B AR T S T AR X 45 285
Wi, I RBOCR L, Yk B i A YE
Jei A5 30 A 15 8 LARE % S 0 B0HE IO B AIE |, 43 2545
e ORFRREE YU SRR AR NI | 43 JG B A 2 3
a3 & TN FEAR Z ] f G BB EE,
Tk A B B e 2 7 452 b ) A A R v, 0k A ) B
G Ay Je it . EARRIYIZRFEA T, SNRA Bk L
HARTIEI i R AR b, 2 SNRA AURER T
HE B Jy 0 25 44 1t EL ISR T RO A T ot T e
T A A I ok T B AR [ ) AR G, T BB

Uiyt 78 K R AR T T A R A 25 2 A
35 o R

BIFFEAE - Y ZRAE A B B X 73 JE 45 R 1 52
Wi, AR ZEAEA B AL IE X 15% W18 T S Il 2Rk
A RIRAEAAE I IAREA 36 2 S0 45 2 Y 1
Ir NG L BRI SN JE S 200 SRS JEE K Kappa

MR 2 TR0 SNRA B30 125 %) 45 28 3t ) 14 73 26
ZER R0 L H AR S SR AE 0 H B R 73 2N
Ji F-2 53 2K B R Kappa 2 5080 L oAt 7 vk i, %
W32 7 ¥ BE S A M 4B 7s v DG 3 B Hle 1) P AR AT
PRI . B3 R A TL M AR, K

R2EHEENSXMYHSRER

Tab.2 Classification results of each land cover

Class Training Test Baseline PCA LPP NPE SLPP SNPE MFA SNRA
Hay-windrowed 73 416 98.56%  98.56%  99.04%  99.28%  99.04%  99.28%  99.04% = 99.76%
Soybeans-min 370 2098 88.47%  88.08%  87.61%  83.18%  88.85%  88.61% 82.89%  91.71%
Woods 194 1100 97.00%  96.82%  97.55%  97.55%  97.64%  97.64%  93.91%  99.45%
Corn-notill 215 1219 76.62%  16.54%  15.55%  76.371%  77.36%  80.07%  61.03%  81.46%
Grass/Pasture 75 422 94.79%  95.02%  92.89%  94.08%  93.13%  95.50%  71.80%  95.50%
Grass/Trees 112 635 99.06%  98.74%  97.95%  98.58%  97.95%  98.58%  89.45%  97.80%
Average classification accuracy 92.41%  92.29% 91.76% 92.34%  92.33%  93.28%  83.02% 94.28%
Overall classification accuracy 89.92%  89.71% 89.27% 89.81%  90.12%  90.85%  81.48% 92.53%
Kappa coefficient 0.869 6 0.8670 0.861 2 0.868 3 0.8722 0.8818 0.7595 0.903 2

(a) Baseline (d) NPE

(b) PCA

(c) LPP

I Background [l Corn-notill(1434) M Grass/pasture(497) [l Grass/trees(747)

(¢) SLPP (f) SNPE

(g) MFA

(h) SNRA

Hay-windrowed(489) Soybeans-min(2468) [l Woods(1294)

P 3 2% T IR B0 2845 R 14

Fig.3 Classification maps of different methods
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Fig.5 Overall accuracy of different methods under different number of training samples
R 3I AEFENES 25 K15 E (OAxstd(% ) (dimension))
Tab.3 Highest overall accuracy of different methods (OA+std(%) (dimension))
Method 30—train 40—train 50—train 80—train
Baseline 80.19+0.64(176) 82.38+1.02(176) 83.12+0.74(176) 85.94+0.54(176)
PCA 80.21+0.66(46) 82.40+0.98(34) 83.08+0.72(50) 85.95+0.51(32)
LPP 80.28+0.83(30) 82.52+0.97(16) 83.27+0.66(16) 86.03+0.46(38)
NPE 79.54+0.84.(40) 81.11+0.96(30) 81.78+1.12(42) 84.57+0.88(42)
SLPP 80.81+0.85(20) 82.91+1.02(16) 83.52+0.64(16) 86.34+0.49(20)
SNPE 80.15+0.72(40) 82.11+0.76(34) 82.85+0.96(36) 85.56+0.55(42)
MFA 80.70+0.69(50) 82.40+1.06(50) 83.23+0.86(48) 85.96x0.47(50)
SNRA 84.26+0.87(48) 86.65+0.91(34) 86.96+0.72(48) 89.60+0.87(40)

FEA 36 4 D FOXH IO 4% 28 M) 1) 0 6 L AR 0326
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Tab.4 Classification results of each ground cover

Class Training Test Baseline PCA LPP NPE SLPP SNPE MFA SNRA

Scrub 114 647 88.87%  88.87%  89.34%  87.64%  90.95%  89.49%  89.34%  90.73%

Willow swamp 36 207 73.43%  73.91%  7391% 71.98%  74.43%  72.95%  75.36%  84.06%
Cabbage palm hammock 38 218 85.32%  85.32%  84.40% 76.61% 85.86% 82.118% 86.70%  89.45%
Cabbage oak hammock 38 214 50.47%  49.07%  49.07%  47.20%  50.07%  49.53%  52.34% = 58.41%
Slash pine 24 137 58.39%  58.39%  56.93%  49.64%  57.20%  52.55%  59.12%  62.04%
Oak/broadleaf hammock 34 195 44.10%  44.62%  45.64%  42.56%  47.15%  46.67%  46.15%  46.67%
Hardwood swamp 16 89 74.16%  75.28%  14.16%  75.28%  76.28%  78.65%  18.65%  91.01%
Graminoid marsh 65 366 83.61% 83.61% 84.15% 82.79%  84.88%  83.88%  84.70%  89.34%
Spartina marsh 78 442 92.76%  92.53%  92.53%  87.56%  93.76%  92.08%  93.89%  95.93%
Cattail marsh 61 343 93.59%  93.00%  93.29%  83.05%  94.29%  93.00%  94.46%  96.50%

Salt marsh 63 356 89.890%  89.89%  89.89%  90.45%  90.89%  90.45%  90.17%  93.54%

Mud flats 75 428 80.61%  80.84%  80.84%  80.37%  83.48%  80.14%  80.61%  89.95%

Water 139 788 99.11%  99.11%  99.11%  98.98% 100.00% 99.11%  99.24%  99.24%

Average classification accuracy 78.02%  78.03%  77.94%  75.32%  79.18%  77.74%  79.29%  83.61%

Overall classification accuracy 84.33%  84.29%  84.36% 82.17%  85.63%  84.13%  85.17%  88.49%

Kappa coefficient 0.8255 0.8250 0.8258 0.8014 1.8288 0.8232 0.8349 0.8718

(a) Baseline (b) PCA (c) LPP (d) NPE (e) SLPP (f) SNPE (g) MFA (h) SNRA
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Fig.6 Classification maps of different methods

bl 7 0, 3 5 R PR W S G B M 8 T 0 25 b B T S R, g3 40 2
i _ 7F Indian Pine F1 KSC W™ B 52 & Y63 1% B A P
4 & © 5 AT T SEEy BE TS0 PR Iy v R e b

L Hb B 3 5 ' T R SR A 4 R e P
S O R SR B I B S e 4 \ Nalte o e
R AR AR E 32 CET TR e r et AT O R R R SRR 4 I S

TR L AR SRR, VOTRRI e emipn sspRm e bR in 200 8 5 W
FUHT R 8RB R A RIS T o e o 1 ity B 31 A
RS BIFAR ISR, OF o EVR B FRAR AURA g Rt A 1k 5 90 JE PR A5 o 1 e W BT 40
HELROR G . P07 B R S BB AT IO b A0 B B S o TS BT 1 T

10280037



aohligok T2

% 10 4 www.irla.cn % 45 %
AL N5 TR, 2014, 43(1): 232-237.
%%Iﬁk [5] Ding L, Tang P, Li H Y. Subspace feature analysis of local
. . manifold learning for hyperspectral remote sensing images
[1] Tang Y Y, Yuan H L, Li L Q. Manifold-based sparse

(2]

B

(4]

representation for hyperspectral image classification [J].
IEEE Transactions on Geoscience and Remote Sensing,
2014, 52(12): 7606-7618.

Wang Xiaofei, Hou Chuanlong, Yan Qiujing, et al. Noise
estimation algorithm based on relevance vector machine for
hyperspectral imagery [J]. Infrared and Laser Engineering,
2014, 43(12): 4159-4163. (in Chinese)

FBE, FAL I, TR, S5 5L TR O m ALY i
BT PP AL B (D). Z040 5 O TR, 2014, 43 (12):
4159-4163.

Cai Hui, Li Na, Zhao Huijie. Features extraction method
based on intrinsic mode function for hyperspectral data [J].
Infrared and Laser Engineering, 2013, 42(12): 3475-3480.
(in Chinese)

BENE, AR, X CERE . BT AR AR R B0 v O 1 B AR
RWIT L. L4 5 HOE TR, 2013, 42(12): 3475-3480.
Pu Hanye, Wang Bin, Zhang Liming. New dimensionality
reduction algorithms for hyperspectral imagery based on
manifold learning [J]. Infrared and Laser Engineering,
2014, 43(1): 232-237. (in Chinese)

FREE, ok, sRar B LT RE A% o) BB e oL R R

[6]

[7]

(8]

(9]

[10]

1028003-8

classification [J]. Applied Mathematics & Information
Sciences, 2014, 8(4): 1987-1995.

Bachmann C M, Ainsworth T L, Fusina R A. Exploiting
manifold geometry in hyperspectral imagery [J]. IEEE
Transactions on Geoscience and Remote Sensing, 2005, 43
(3): 884-897.
He X, Niyogi P. Locality preserving projections [C]//

Proceedings of the 17th Annual Conference on Neural
Information Processing Systems, 2004, 16: 153—-160.

He X F, Cai D, Yan S C, et al. Neighborhood preserving
embedding [C]//Proceedings of the 10th IEEE International
Conference on Computer Vision, 2005: 1208—-1213.

Jin Zhong, Yang Jingyu, Lu Jianfeng. An optimal set of
uncorrelated discriminant features [J]. Chinese Journal of
Computers, 1999, 22(10): 1105-1108. (in Chinese)

S8, T, M. AP B ST N A G Y S
AN THEHLER, 1999, 22(10): 1105-1108.

Yan S, Xu D, Zhang B, et al. Graph embedding and
extensions: a general framework for dimensionality reduction

[J1. IEEE Transactions on Pattern Analysis and Machine
Intelligence, 2007, 29(1): 40-51.



