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Abstract: In order to make full use of the abundant spectral and spatial information of hyperspectral
images, a novel feature selection algorithm based on the structure preserving combination with the multi-
scale spatial filtering and the hierarchical network is proposed. The feature subset that best preserving
the global similarity and the local manifold structure is selected via /,;, norm mathematical model. The
bilateral filtering with multi-scale window and adaptive parameter setting is used for incorporating spatial
information into spectral data automatically, enhancing the similarity within class and dissimilarity
between different classes. The hierarchical network is introduced to achieve further integration of spatial
and spectral information that benefit the classification. The influence of the hierarchical network depth
and spatial filtering scale number is analyzed. The experiments validate the effectiveness of the
algorithm. The overall classification accuracies reaches to 90. 98% and 94. 20% on Indian Pines and

PaviaU data sets respectively, which significantly improve the classification of land cover compared with
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conventional methods.
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learning; Hierarchical network
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AR 2 75 T AR 05 B o T RRAE 1 1 43 O W o W RN W B = K 2K Fisher Score* | Laplacian
Scoret™ (LapSc) Fl SPEC K 4f &A™ itk Bt X #1042 4= Jy AR DR 45 58 7 1 56 559 687 ik e B L (R 20900 T ke B )
(O AH DGV S T E Dk B TU AR A5 B R 2 5% W 43 2 PR BB 5 O T BR TU AR A 2 - MIRSFEY Y 51 1, 318 2801 W) 3506 T A5 3%
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T A B AN 23 A B R (AR AR A CT SORR R a8 SRR o 312 17 43 S v af it
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. TR A B — B EORIE AL S WA R ] — i DX PN S AN [) b 2 300 B X3 A AT T A [
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BEXF LA 0], AR SCHE Y 45 5 22 RO 25 18] B O 55 J2 90 I 2% 1 ik T 465 0 O 35 19 R O 1% AR AIE 1 4 B
(Feature selection based on structure preserving for hyperspectral image combination with multi-scale
spatial filtering and hierarchical network, MSFHN) . %83k 1 5t Pk 36 X 4= Ja) AH ARL M 455 #4 F Jay 35 i T 4% ) R A7
fE 1 e o B B AE T 4B B £ R 23 18] 8 % Rl & (Multi-scale Spatial Filtering Fusion, MSFF), 75 3] £ K
45 JEARAE L i 18 5 J2 2% N 45 45 8 (Hierarchical Network, HIN) Ik £ 5 & 19 50 885081
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preserving,SPFS) , 34 i #] MSFF . i J7 45 1 MSFHN 55 3% JooR i 45 3.
1.1 MAEHE

25 [1] — BCPE 2 ER 2 M R 0 B 03 00 A ok 42 ) — oo SEVARL L 8 23 ) 1 3 AR P AR DT A AR R AR
J& T TR — 25y . B ) o A EL AT 23 ) — B0t A A 0L L D ke R — i RE 0 S PR R 1 R Y DB Dk
R

P N AFEAR SR GESHEE X SR  N=1X],%4 N, fRFELIC 2, € R" 73 [a] 3 4B X 35, {)
PMETE 2 AT RN 0 X o BIE 5T 25 [ X8, Horp o 25 I3 550, 223 R H R/, M8t « i F
RG22 5 V& . 28 (R 11 N 19 28 SR o0 DL BR IR R e I 7.

TE X
D SN eRd PRV DIEXQ [ET o DES
X, = ! @)
21}@,’(}}( li—j G Clla, =2, |
G.(Clli—j I =exp(—C[li—;[*)/6D (2)
G (| xi—a; [[)=exp(— || x;—x; || /69 3
P x, FREPER BRTT. G, G, 955 31 30705 5 2 BB B 9 U e % 8 (0 BB 8 D SHE8 L) 1
WP XH 6.=(w—1) /2,8 =1/std(d) , BMEIREE & AR 22 0 EIE d = | x—x 120 |« | #mm
£ Euclidean 75 %K.
1.2 ETFTHEMRIFNELIEHFMEILE (SPFS)
RES Bk H bR sh 50k
arg r%l,n [ XW=Y [ ..ot [W ., €
[W e =D 0w le=D) [Diwh (5
i=1 i=1 i=1

A We R R RIHREERE  w' Flow, 7305 RRFEEW RIS A7 51 Y ERY J& i 0 Fl 1 A nl 4 2 5
PRICHE .

AR i A (Locally Linear Embedding, LLE) i) 4% .0 JE AR 2 ) FH 55 4 25040 14 305 40 5 # 5 4, fili
07 F) ARG 4t A Y B R R 22 e/ A B R DR 4R R R B E A SE Ry
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Seh S, Fom x, WEH x, MR LT R BUERE S 195 ATRORY 1IN S, = 1 % ALY x, & x,
SEAB A LS, R 03 AL S, 26 T 0. SR A AN AL S, J5 » 3 11 4k 2 4] 7 4 352 2 45 /I Ak D00 54055 6 16
YEB AL DLy, FR BRSO x, OIS i A L IR A 2ok A
min ) [y, — DSy, |17 8
LLE %5 1 B (547 KU 55 13 4055 48 B0 R S0 00 2 0. 5 AR MRS 3 y, =W, A5
minz | Whx, — ES,ijij | * = minTr(WTXTLXW) (8)
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£ RFS 58E 09 B bR bR 80 A 5 38 45 #4415 14 16 0 357, ] LS P04 J5 AR AL 465 44 5 ) 35 378 T2 435 4 114 [
B 4545 , B) SPFS. H: H b5 pR ¥ 2

arg min | XW+eb"—Y || o, +pTr (W XTLXW) +A [ W, (9
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1.3 ZREZEEKRMA (MSFF)

C,= XH u, £RU WE 47, U=XW+eb" —Y.

& 1 & MSFF ¥t iR & K. & —4 MSFF 3 Bilateral filtering |___
JEH S BT SPES B K AR IE . AT K A ERAE _ st window
HEAT 25 TR BB R g A B 11 RLBE £ 3 i 45 5 L) ] Feaure | & Y nduindon | | Vector [
BT S B i MSEFF 4R 1E 4. % selection ﬁ stacking §
313 6 1 FE T O 0 L 30 e R 70 5 3 e &
BB 5 I 2 e (S M ) 8 8 A T Bt g (a-Dyth window || >
N B T M R B A R T 1 B . — Bilateral filiering | _|
TR R 7% 08 0 5 0 RS . g
BN TR R T I 2K M 4 I B 1 MSFF i %

B 1 FEREL R 52 5 (6L 57 100 BE 79 4 53 25 2 A 8¢ Fig- 1 MSFF unit

S A X 55 5 R AR T 1 RUBE L B W B T R R (] 2 b A DX S — Bk L AR AN ) b A 0 SR T A
NGRS E B SR L PO E AN A LT S

MSFF i f 1 %0 HREFIIE I S ik B fF — e BB L9031 A Al O A 23 1) i 3. [ B, MSFF
AL T 220 1 RUBE R 8 I A O 34 BR AL 246 O R /) F & 10 22 505 B, SRS K R TR 2 b 4 %) AR AL
N — S PR R,
1.4 MSFHN &%

ZURBE 2 ) AR e &V SR A . I 2 iR, L b —2% MSFF otk i R IE 4 AE R T
—Z¢ MSFF oo A it 22 8 I se 432 88 1 e ik 2 i 25 [R5 BOFDG IS F 2 15 31 89 25 15 FR 1R [F)
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Feature
selection

S
o
h=
7
v
=
©)]

Input data

MSFF features

| K selected features I

& 2 MSFHN i 2 4E &
Fig. 2 Flowchart of MSFHN

MSFHN 53 ) H AR e 2L B8y
BN AL N AR B s R A X € RY M FIARICHELIE Y € RY L 23 (Al 7 1 RSB g B I PR
FRAEEC K 1IE W S 2 F1 e, M2 250 L
W1 EAT MSFF, fi it MSFF RRAiE4E
R 200 b — G R IR A L VE M ARG MSFF B IT R A Itk R &, AT L—1 1K
BB 3. ¥ 5 — %% MSFF Btk th R AESE L SPFS 3 K ANRRAE 5
BB Al A 288X K AN AT 4024
LR S
2 RIERMOW
2.1 SXIEHGHIEE
i B A AR 1Y Indian Pines Ml PaviaU 5 6 5% 45 45 48 45 56 55 1% 1) 14 A,

D Indian Pines B4 % K% — K4 I . K/ R 145 pixel X 145 pixel, 25 (8] 43 3R K 20 m, &4 16
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e H I AE B s 25 BR O AU RN I P R W i L R A% 200 A B DR (0 TR BORT LS A 1] DL T 3.

@ Background

O Alfalfa(46)

@ Com-notil(1428)

@ Com-min(830)

@ Com(237)

@ Grass/Pasture(483)
@ Grass/Trees(730)

@ Grass/Pasture-mowed(28)
@ Hay-windrowed(478)
@ Oats(20)

@ Soybean-notil(972)
@ Soybean-min(2455)

@ Soybean-clean(593)

O Wheat(205)

@ Woods(1265)

0O Bldg-Grass-Trees-Drives(386)
0O Stone-steel towers(93)

(a) False-color image (b) Ground-truth map

& 3 Indian Pines & St i B %
Fig. 3 Indian Pines hyperspectral image

2)PaviaU 54 5 . iZ KM% &y Pavia KA X8, K/ 610 pixel X 340 pixel , A3 HHEH 1.3 m, &4 9
e ML AT I, 5 2B AR G M 7 5 W) 1) 38 Bz L ) 4 103 AN i Be . PR RN R L S s T AL R 4.

[l Background

D Asphalt(6631)

[l Meadow(18649)
[ Gravel(2099)

[ Trees(3064)

[l Metal sheets(1345)
. Soil(5029)

[l Bitumen(1330)

[] Bricks(3682)

. Shadows(947)

(a) False-color image (b) Ground-truth map

’ 4 PaviaU & % i B &
Fig. 4 PaviaU hyperspectral image

2.2 XWIFEE

F A Pk fiE, 5 LapSc,RFS,SPFS #l SVMCK!'*) SVM-EPF! TFRFMS &5 8 vk 3 17 % [1. LapSec.
RFS f1 SPFS HUFH T 063 {5 B« J& FRAF ¥E ££ 55 7% ; SVMCK, SVM-EPF fil IFRF J& %5 % Bk A 1 55 .
SVMCK 7 4% s B F T 25 18145 18 - SVM-EPF fifi I WU € i X SVM 4328 B ik 47 3R 5 it 5 4k B, TIFRF
SR LA S AR I YRR B U . DLy 2R A 3 0 e (IR B SRR P RE AL 25

SVM-EPF . IFRF )2 it # Ji5 SCHR 155 s SVMCK 38 B2 [R] 3T 48 0 1 N BT A 18 0T 19 240 1 b v 22 1Y) R AT
] 5 4 78 25 [B) A5 L 9 Bl R SO 25 SR pRBCIY R B R 0.5 i s ] g 1 /N DL R 1L B FR G0 7 1 40
U B 5 s RES.SPFS (&4 AL, #B7E (0. 001,0.01,0.1,1,10,100,1000, 10000 } {3 [l P9 356 L 5 LapSc
PR RLE R 8 A

%1 MSFHN Bi\SEBi&E
Table 1 Default parameters of MSFHN

Data sets A 7 L wXw
Indian Pines 0.1 0.1 2 3X3, 7TX7,11X11,15X15,19X19,23X23
PaviaU 0.1 0.1 4 3X3, 7TX7,11X11,15X15,19X19,23X23

X}t LapSc.REFS,SPFS 1l MSFHN 2845 4F BE #2815 . 7F Indian Pines Fl PaviaU 45 8 2 5l i Bt 50 4> Fl
25 AERAE CBBO . 4 5 BSOS 42 BE 25 s ) vh BE HLIE B 30 A A I ZRBE A CRPRE A BBOR L 80 A 10 L 25
S 8 —BEHL 10 A, Fbl 4% Ry A AR

e SVM 432K 8%, 6 3% = 3742 1 &t (Gaussian radial Basis Function, RBR) % %, i ~Z=& C 1y,
SVM-EPF 4 f J5 SCHR 1 - LA SR0L 20 AR (20,27 - 21, 210 R (277,27 =20, 27 S FE A 5 T 38 X
ISIFA 2 . f B AR HER ) (Overall Accuracy, OA) I UERGJE (Average Accuracy, AA) Fil Kappa £ $(/E
SR EA 8 A A S B RS R AT SR L ST 10 WK AR BE ML BUNI ZR AR AR L8 10 R SE I 1 43 S UE
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it B SRS S 2 86 65 47 & ffi ] Intel (R) Core(TM) 17-2600 3. 40GHz CPU F1 16. 0GB RAM., 3 4 i 4
i Matlab7. 0. $ BRI 25 0L, >4 48 MSFHN 28 (19 BRIAME DL 3% 1.
2.3 ETBRBZWSH

2T B A D TR B 2oy JEMET ) TR, b MSFHNT 67R 52 W 2% 6t L3R T R AIE 1 ¢
(Original 5 RFS) | J& % 45 # & £ (RFS 5 SPFS) | £ R € I @il & (SPFS 5 MSFHN1) fl £ 2 W %
(MSFHNI 5 MSFHN) %L B 1 5k, 5 RES AH LG . SPFS 1943 25 a0 B4R TH 29 1%, B 4 Jm) 45 7 5 )=y &
S48 [R] I DR R RO s MSFHNT 1925 5 e SPES /144 11 %, X 45 25 T MSFF #2871 T K R[5 2 b 4 X3 114 A
RLPE —BOPE 5 i 22 2 I 45 IR AT 4 25 T R A0 I o 20 JSHMEAG 1 S v 29 1. 506, B F MSFHN 424 #2741
R [R) 26 b 0 B AR ARL P — B8OV S S840 320 T R G B 1 A5 R ME R RDG AR B A5 B 1 2 3 RRAE R iR A T
B AR 1) 42 JR AHARLE 25 4 Ry 0 JL AT 245 4 A 2 (B A 2, s B T A v 1 0 28 HE A

R2 HEESBUNBLSREMENZM %)

Table 2 Classification accuracies to show different contributions of each processing step to final results( %)

Data sets Original RES SPEFS MSFHNI1 MSFHN
Indian Pines 70. 50 77.96 78.62 89. 56 90. 98
PaviaU 79.56 81.70 82.51 93.02 94.20

2.4 Indian Pines SRI§ 25 R R 4> #7
3 RSB AR M 2K A4 S HERR L B, A5 i A B3k MSFHN | IFRF, SVM-EPF Ail
SVMCK {448 25 fERA BE v T Hfd FDG 3% {5 8 19 LapSc,RFS 1 SPFS. M S K 4> 2K fE 0 BE OA T 3443 2K i
Wi AA Fl Kappa & (A MSFHN ¥ & F H & # 75 MSFHN [ OA. kappa #il AA 43 3] 24 90. 98% .
89. 75 % 1 94. 86 % , 5 RFS # HL 43 B4R TH 249 13 %6 .14 %6 F1 18 %.
% 3 Indian Pines B ERREEN TR MBYH S REBE (%)

Table 3 Class-specific accuracies by different algorithms in Indian Pines data set( %)

Classes Train Test LapSc RFS SPES SVMCK SVM-EPF IFRF MSFHN

Alfalfa 10 36 76. 39 87.22 89. 44 99.17 96. 60 96. 06 94.72
Corn-notill 30 1398 60. 69 71. 49 73.22 77.39 87.37 88.57 86. 66
Corn-min 30 800 63. 05 71.21 72.90 88. 68 79.79 82.31 90. 33
Corn 30 207 77.54 92.08 91.50 99.76 59.78 80. 02 97.63
Grass/Pasture 30 453 85. 87 91. 39 91. 24 94. 68 97. 69 91. 39 93. 44
Grass/ Trees 30 700 86. 64 94. 54 94. 34 97.79 96.91 96. 23 97.56
Grass/Pasture-mowed 10 18 83.33 93.33 92.78 99. 44 94. 59 65. 49 98. 33
Hay-windrowed 30 448 95.16 97.86 97.70 99.73 100. 00 100. 00 99. 40
Orats 10 10 96. 00 100. 00 99. 00 98. 00 90. 00 80. 88 100. 00
Soybean-notill 30 942 72.95 77.73 78.17 82.29 72.33 88.35 90. 38
Soybean-min 30 2425 47. 86 63.62 64.16 80.01 89.92 94.31 84.03
Soybean-clean 30 563 77.83 85.93 86. 80 93. 85 80. 33 89.10 91.76
Wheat 30 175 98. 00 99. 31 99. 26 99. 49 99. 89 89.58 98. 80
Woods 30 1235 81.55 87.04 87.35 95.77 99. 36 98. 26 97.42
Bldg-Grass-Trees-Drives 30 356 54. 44 73.48 75.03 96. 77 75.01 88.58 97.98
Stone-steel towers 30 63 94.13 96. 67 96. 67 100. 00 85.98 92.77 99. 37

OA 68.22+1.58 77.96+1.26 78.62+1.32 87.80+2.13 86.32+2.21 90.80+1.98 90.98%1.93

Kappa 64.291+1.89 75.10+1.38 75.85+1.56 86.11+2.42 84.46+2.49 89.66+2.10 89.75%£2.17

AA 78.224+1.96 86.43+0.45 86.851+0.49 93.92+1.42 87.85+1.90 88.85+2.41 94.86£0.75

A Hb 2 B B 4 2R ERR BE B, MSFHN e RFS £ “Corn-notill” . “Woods” fil“ Soybean-notill” 25 1) 2
ol EA B 10 % 3w 7E 2D B0 By 26 5 4 “ Soybean-min” | “Bldg-Grass-Trees-Drives” #1“ Corn-min” |+
P2 T B 425 SR ek 20 0. 33X = TR Dk ak LS b ) 2 el K R 38 50 XS B L 22 ROBE 25 [H) 8 4R TH T X
P — BCPE FNAR ALY . A2 S IR BR L 8 5 AV 1 T RFS.SVM-EPF il MSFHN = Fh% 5 14 43 25 5 . RFS
S EI R B A AR T IR G L K A (R 2 b A DX SN FR A o s 2 s SVM-EPE il MSFHN 1 “ Bl 5 7 I 42
8 ZE W MSFHN 78 K 7 [7] 25 i 1y o8 3 4685 43 s AF X S 20
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(a) RFS (b)SVM-EPF (6)MSFHN

5 AfkthaXRriE
Fig.5 Classification maps of different algorithms

2.5 PaviaU EBWERESH

A4 RS FIEAEA TR MY A AR B, 5 Indian Pines B4 48 19 45 RIS, 25 15 BE A S0L 9 4
FUER I T R A DG BOR 5 k. BRI OA 3 0 2K MERIE AA A Kappa R
MSFHN # & FH =8 . MSFHN f9 OA .kappa Fl AA 435k 94.20% .92, 37 % F1 94. 71% . 5 RFS # It
IR T 13% 15 % F 18 %.

F4 PaviaUBBERREEWNS LMW I LEBE (%)

Table 4 Class-specific accuracies by different algorithms in PaviaU data set( %)

Classes Train Test LapSc RFS SPES SVMCK SVM-EPF IFRF MSFHN
Asphalt 30 6601 74.37 76.18 76.12 88.00 96. 25 89. 39 90. 43
Meadows 30 18 619 71.43 80. 16 82.41 87. 04 96. 89 98.76 95. 36
Gravel 30 2069 75.81 76. 60 76.14 87.00 83. 60 83.79 89. 84
Trees 30 3034 91. 04 92. 26 91. 36 98.58 82.77 90. 38 96. 42
Metal Sheets 30 1 315 98. 97 99.13 99.13 99.91 98. 39 99.49 99. 69
Bare Soil 30 4099 72.55 83.73 84.14 93.15 72.04 91.09 97.33
Bitumen 30 1300 87.74 90. 25 88. 28 97.51 78. 61 82. 60 96. 30
Bricks 30 3652 76.16 76.94 76.10 87.79 89.76 76. 86 87.38
Shadows 30 917 99. 84 99. 95 99.98 100. 00 98. 05 69. 04 99. 64
OA 76.00+t1.99 81.70+2.44 82.51+1.45 89.80+2.20 89.12+4.57 91.33+1.97 94.20%x1.34
Kappa 69.51+2.35 76.5142.90 77.44+1.73 86.79£2.70 85.9845.69 88.66+2.51 92.37%1.73
AA 83.1042.68 86.1341.35 85.96+1.11 93.2240.94 88.48+4.39 86.82+2.28 94.71£0.97

M H W2 50 1 o S WE R E H , MSFHN e RES 78 “ Asphalt” | “Meadows” ., “Gravel”, “Bare soil” I
“Bricks” 45 by F#HE S T 2 15 %, ZR MRS L B 6 X451 T RES.SVM-EPF il MSFHN = 83 1) 43
FEPN . MSFHN 4328 [&] rf “ 7 B F K R (7] 288 b 4y P9 3 DX %) 485 43 3820 s RES 43 2R 1A W] 48 7 AL
HOME R

(a) RFS (b)SVM-EPF (c)MSFHN

H6 HFExHpERIAE
Fig. 6 Classification maps of different algorithms
# 5 4 T Indian Pines Hl PaviaU ¥4 5 25 55005 09 SR 73 28 i 1 B CRLIA R e R AED » & P Original
S X ROHE R AR S AR 3R TR BE A IR AR I 8 L BT AR T I R G 28 o R A I 4R
MSFHN TER #4016 50 T 20 BRORER M T H e/ 8. M ERIGREA DA 10 A0, Bkl E s T
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()riginal 25 20%. X JEh T MSFHN 84 42 7+ 1 K Jr [7] 28 b 4y 1y A ARUE — Bobk 58 40 12 88 7 5 D' il B
23 (A5 B ADGIEAE B, 45 2 59 23 35 R AE [F] I ORAF 1 8088 42 19 42 Jm) RE UL S5 4 L Jm) 38 TLART &5 g 1 2 ) 435 5L
x5 AMEBEERAREENEEIZERE D
Table 5 Overall accuracies of different algorithms in the two data sets( %)
Data sets Train Original RFS SVMCK SVM-EPF IFRF MSFHN
10 57.154+4.19 66.92+2.14 74.66+2.26 73.00+5.36 77.18+2.43 77.44%1.85
20 66.194+1.89 74.15+1.35 83.93+1.93 81.9342.04 86.771+3.09 86.94x2.11
30 70.50+1.29 77.96+1.26 87.80+2.13 86.3242.21 90.80+1.98 90.98+1.93
40 73.614+1.30 80.15+1.11 90.99+1.60 88.314+1.62 92.961+0.94 91.92+1.00
50  75.4841.28 81.20+1.22 92.54+0.84 89.21+1.42 94.11%£1.35 93.80+1.14
10 65.72+5.47 68.8045.67 77.4043.95 71.79+7.17 77.41+3.23 84.70%1.88
20 72.81%+4.42 77.12+3.47 85.01%2.49 81.924+5.86 85.85+2.52 90.71£1.90
PaviaU 30 79.5643.32 81.70%2.44 89.80+2.20 89.12+4.57 91.33+1.97 94.20%1.34
40 82.30+1.41 84.63+1.85 92.67+1.31 92.3641.60 92.834+1.17 95.05+1.13
50  83.9941.79 85.30%+1.66 92.97+2.31 93.54+2.28 94.43+1.02 96.21%0.83

2.6 SEZWMOHN

6 J& MSFHN 75 A [a] 9 26 J2 B i 8 1A 23 28 vty B2 24 J2 0 g, 23 28 o B — e 2 4 o 5 (HZ B0
Z I o3 e B2 L T RE 2 KR AIK. Indian Pines B4 AR 7E 2 J22 I 4% I 43 6 e ) B2 45 i » PaviaU 04l 48 1 0 2%
JERAE 2~ 4 Z[a] I o 73 28 o fl 2

6 MSFHN ERRMEZEH LMWAESEEHRE (%)
Table 6 Overall accuracies of MSFHN with different L( %)

Indian

Pines

Data sets 1 2 3 4
Indian Pines 89. 56 90. 98 90.03 89. 86
PaviaU 93.02 93.96 93. 80 94. 20

% 7 LA Indian Pines ¥4 42 R 6], 45 Hh 1 A SCRE AR AN [R] 67 100 ROBE S B iy S 3 2R v f B2 1 6 0 1
FUEE DL 155 7 FNER 8 AN TRy 27 X 27 1 31X 31, f 4R 7 1, S 57 11 RO AN B0 hn it , 4 246 vl ) 3 5%
AP i s VR PEAT 6 BT 11 RO I 2 v A vy s PRI O RO A B0 23 2 A AT BT RR AR X 2
T2 RUBEUE P Rl I, BRI RO BESR TH R [R) 28 3 40y A9 AR (UM — B0k A5 o 2R vl B R v s (H A 1
PN R S 2R b ) 0 38 20 46 22 52 R T8 A0 AR TR R S R AR e R SR TR L 2 A A 0 SR MR R

®7 MSFHN EXREEAREAN#M ¢ MEGSEERE (%)
TTable 7 Overall accuracies of MSFHN with different q( %)

q 4 5 6 7 8
OA 89. 46 90. 04 90. 98 90. 80 90. 59

& 7 LA Indian Pines 88 M, 45 H T A [a) SR AF 16 8 30 1 78 R [RIAR AR 20T B9 A A o A J . 24 47 1E B0

20 HEHNF] 70 W, 4B B SR SR ERR E B A T . H MSFHN 4325 Y RFS,SPFS fil LapSc £ 10% ~
2095, 4 ARAE B 60 1 700, MSEFHN i OA4> 3 35 55 891, 85 % 1 92. 40 % s {H 2, & L R iF B B W &
100

” ///_’A__—;

X

3

[ [ 4

§ 80

g [

= 0}

2 —e— LapSc

© % —— RFS
—— SPFS
—+— MSFHN

50 : : : -
20 30 40 50 60 70

Number of features

H7 AREEEESEBERTH SRERE
Fig. 7 Overall accuracies of different algorithms withdifferent number of features
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R e, 55« 45 G 20 FUBE 25 [RD 08 RV 20 90 4% 14 1 205 A (435 1 85 DI T P E L 45

MSFF 4 iE 45 1) 4 B0 ORI 53125 11 53 i B39 . AR SCrp & 33005 78 Indian Pines Ui 4R #3850 S RRALE.
2.7 MBEEFRESHT

Phn FZomiGiAEARE &=, RESWEZRE N O m+ (ntom® +2nme) ; IFRF (Y118 8 3 B 4E p e 6]
TEDEB B TR R O’ pND & p SRR 4R D BERl & IR B RRIE &L X SVMCK #1 SVM-EPF. A % [ SVM 73
KB Be. SVMCK 2 12 [ 3 fiF 49 71 57 B8 K. =R O O (o’mN) s SVM-EPF J8 ¢ By Be it 39 42 2 i 2
O(w*cN).

MSFHN Bk &8 B 24 B2 5000 g D PR R L i E 2850 O ) 5 2) 35D FI
A2D)MELREFE N OnPm+ (n+c)m? +3nme) ;3)MSFF Bt E 248 N O(* KN+ 20 m~+nm?®) . i A J7
¥ MSFHN {4 S i [8] 52 42 0] 678 OCL (qo* KN+ 20" m+nm?*)) , 325 52 K S5 A K0 I ke A %L
AR AR B AR R Gl B RO A9 52 HLS 8 1 U ¢ BT R/ o BEUIAHSG T S SRR L AR AR,

8 A B M AT [E]  MSFHNIT KR HUZ M 4. RES iz 17 [ 5 SPFS AHIT . BR T 5 18 354 51
. MSFHNI1 #is 17 [ A5 K T SVMCK., {H 73 28 v iy B2 42 v s MSFHN (932 17 I 18] B8 %) 26 J2 80 g 1
K. MSFHN 5 SVMCK.IFRF.SVM-EPF 35 & 2% B 2% B AR [F] A0 2 R RS o BRZ M3 1 RE
B g 2 TR B B PP A5 R BT B L Gs AT I ) B T MSFHN A5 AR 2015 00T BURE T 8 19
SR L L W A A I DA 2 T L A2 Y.

*8 BEEMIBITHEG
Table 8 Time cost of different algorithm(s)
Data sets SPFS SVMCK SVM-EPF IFRF MSFHNI MSFHN
Indian Pines 0.4 11 0.5 1.1 13 55
PaviaU 0.2 39 1.0 2.5 50 95

3 #Hit

2545 e G MR Y 23 TH] — B P A2 G W 2 AR AR SO I T A 22 R 25 IR I 5 2 0 ) 4% )
T2 R O A A S G T AR R Rk I L e Y [R) B DR AE 4 SRy A DU 25 A R Ry 3 IR 25 4 I R AE 4 L O
I ] 22 ROBE 223 1) U8 15k - 445 5 1) 288 b 20 10 R B R S 288 b %) A S e o 3 3 2 0 ) % TR N9 4 1 O i
EIE 1) 23 35 FRAE. Indian Pines #1 PaviaU %4 52 19 92 56 3R B, 7R SCH 0L BE 1K B0 80w 19 0 S HER B2 J2 20 I 4%
GERAE —E B AT T RO R 0 43 S AR B L AEXT G £ - R A R A AT 3L A VAT A 0 2R UE B
(] FsF o AT 5 o B DG 1) )22 B S — A R i — 2D 0 90 Y [ R
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