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Supervised Multi-manifold Discriminant Embedding Method
for Hyperspectral Remote Sensing Image Classification

HUANG Hong, WANG Li-hua,SHI Guang-yao
( Key Laboratory of Optoelectronic Technique System of the Ministry of Education ,Chongqing University , Chongqing 400044 , China)

Abstract; Manifold learning method can find the low-dimensional manifold structures embedded in high-dimensional
data. However, the traditional manifold learning algorithms assume that all samples lie on a single manifold, while the sam-
ples in different subsets may belong to different sub-manifolds. To solve the above problem,a new dimensionality reduction
(DR) method termed supervised multi-manifold discriminant embedding ( SMMDE) is proposed for classification of hyper-
spectral remote sensing image. At first, the proposed method explore the labels of HSI data to divide samples into different
sub-manifolds. Based on the graph embedding framework, the intra-manifold and inter-manifold graphs are constructed to re-
present the multi-manifold structure of HSI data,and the intra-class aggregation and inter-class separation are enhanced by
minimizing the intra-manifold distance and maximizing the inter-manifold distance simultaneously. Therefore, low-dimen-
sional discriminant features are obtained to improve the performance of HSI classification. Experimental results on the Pavi-
alU and KSC hyperspectral data sets show that the overall classification accuracies respectively reach 88. 04% and 84. 53%
when 2% training samples are randomly selected for training. The proposed SMMDE method can effectively improve classi-
fication performance compared with many state-of-art DR algorithms.

Key words. hyperspectral remote sensing image; classification; feature extraction; graph embedding; multi-
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BRI 2 T 290 T i 3 2. STk (9 ]9t 1
—Fh 5 HR LA 45 # Fisher 43 #7 8. 3 ( Local Geometric
Structure Fisher Analysis, LGSFA) , 125 3% Fl F 808 1948
ol R A5 I8 st %) B A S Bl R 4 s i D i R I I TE TR
TELEAE A 308GE T R b oy 2 P RE. SCiik[ 10 ] 5@
b 2R SO T A AL L 4 T — R i i ek AR 1
( Sparse Manifold Embedding, SME) , 7] DX B i& )i 1 %€ £%
T AU BEE . 51 AARZEAE B B0 T B iR
T2 5l A & ¥ ( Sparse Discriminant Manifold Embed-
ding,SDME) , #F— 54 m S Re g SCER[ 11 J 48y 17—
At 5] 4] 31 975 T H#x A& ( Collaborative Discriminative
Manifold Embedding, CDME ) , H:3f i #4) & & F P45 44
A5 B 14 288 A R T R 2K ] it T 18] DA T) if £ B 28 9 B
P AE FI2E (] JLART 45 44 20 °7 > — AR 4 45 E 25 ], 7F
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174, A T8 BA R AR Z4E T irt e , BRI B
T2 2 5 AR R I A T 4 25 8] P i 2 B 25
), SN B 2 R B XTI, 2 H AT
WRIRR ZWIE 7 J7 v DL B 4E 50408 Hh B9 AE 22 3t
JEasH. ST 13 ERGE B2 AR A6 0L T — > TR E
bR T R T LPP Y £ 3 A7 & B ((Multi-
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PERE. SCHR[ 14 J 421 7 — M Z 3008 Ja B84 P fix A5k
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AR LLE Sk i Al b ok AT k 4R A 38 nl e
TSR LADR 47 4% iV (] ) BE 2, O3 i S gk i) 1 3L
AR A R AT ARG AL 4E T, S B0
AR . SCERLIS 148 0 7 —Fh B 208 7 )
B9k (Supervised Multi-Manifold Learning, SMML) , % J7
A PR IUREAIE B 380 28 e KAk 28 R) 7 387 1 0 B, A K
SR TS A B R 1 A S ), O TR N BN AR RS
BAF RIS . SCIRL 12 J 32 0 T —Fh B T 2t Jm ol
54 R FRHR AW 2 300 % ] B % (Multi-LLGPE, M-
LLGPE) , i [ & 9 i S 1S B v i) 2 B 465 (H 2 7
B DR A R EE AR 25 HEAT 402K T R
J R, S BRI A2 R

BEXT b3 ) L, A A — o 0 B 2 i S
Sk A 2 2 Bk (Supervised Multi-Manifold Discrimina-
tive Embedding, SMMDE ) , 3% J7 ¥ 15 5% F] I FEAS B4k 1)
KRR B, T 2 FiRE R o R R — T e
AR N I B AN 2K (R E 18], I AR AR R A S (]
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4.1 XWHEE

(1) PaviaU ¥4 & 7E 2001 4y ROSIS &A% K
SEH PaviaU o KRR G & HR/N N 610 x 340,
A5 0. 43 pm 2 0. 86m [ 115 A~ BE, 51 bk [A] Mg
MR 12 AP B, PEIOGRI A 103 AN Btk AT 550 1%
Kt S CLAE R R S O Rty , B (I R L S
Wy o3 A AN IEL 2 s, 455 A D AR R AS i

- Background

1 Asphalt(6631)
2 Meadows(18649)
300 Gravel(2099)
4 Trees(3064)
S Metal(1345)
6 Soil(5029)
7B Bitumen(1330)

8 Bricks(3682)

I Shadows(947)

(a) False-color image (b) Ground-truth
E2  PaviaUmtiiz a4

(2) KSC ##a4E & 7E 1996 4 H AVIRIS U563
ASERBL) 5 JE it 23 [a] HRu> ( Kennedy Space Center, KSC)
AR R/ R 614 x 512, 615 VEE 0.4 ~2,45um, 3
224 ANPEBL. SR AR 32 AR e S A5 e AR Y i B e
19 176 A BGHAT L5, ZBHE S &K JeMESE 13 28
My, AR o [ R T LS PR G 1] 3 0T H5 5
AH 2 SRR A S

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

B Background 7 B Hardwood swamp(105)
1 Scrub(761) 8 I Graminoid marsh(431)
2 [l Willow swamp(243) 9 I Spartina marsh(520)

3 I Cabbage palm (256)
4 1 Cabbage oak (252)
5 M Slash pine(161)

6 I Oak hammock(229)

10 I Cattail marsh(404)
11 B8 Salt marsh(419)
12 I Mud flats(503)

13 B0 Water(927)

K3 KSCRIGIEERES
4.2 IHEE
TESZIS B R 6 ik B e 4 B ALK 0 R I R R D
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DR , IR FEAAR 23 26K FZ (Overall Accuracy, OA) |
S 14173 2545 & ( Average Accuracy, AA) il Kappa 5=
A FEFR AN A [ 455 24 187 350325 1) 1 .

S B E AR SCHE HE i SMMDE B3 (1 43 25 M g, e B
RAW ,PCA ( Principal Component Analysis, PCA)"" NPE
( Neighborhood Preserving Embedding, NPE)"™*' | LPP( Lo-
cality Preserving Projection, LPP) ! LDA ( Linear Dis-
criminant Analysis,LDA) 200 MFA ( Marginal Fisher Anal-
ysis,MFA) ""*) LGSFA .SMML M-LPP M-LLGPE j#47 5
B Xf L, Horf RAW R0R B 45 1 40 S e X RE A 3R 47 43
KRG =R Z B 2] 5 ik R B R SE WA,
A A R EE IR BB B 43 28 25 2R, SR 58 XU IE
B EES AT IR, SE8e b, NPE LPP MFA |
MLPP M-LLGPE i 4R%% k % B R 5, LGSFA YT 4R %K
WHE R 9, LDA i AERCBC &y c-1, ¢ FRH0% FIH
BRI IEAT A ) A BRI ARRE T, R 2 26 2 i
175326, M-LPP M-LLGPE Jj % 5% JH B #) 1% 22 73 K 4+
(Reconstruction Error-based Classifier, REC) #4743 2%,
A 2 ) 2R FH #3041 43 25 % (1-Nearest Neighbor, 1-
NN) #4773 2K.

4.3 PaviaU #iE&£ESL1E

TESEIR S I 58 A [a] iR A 4E B0 & 4502 1 53
TSR, 2K B8 4 28 1 ) Hh B B R B 30 A%
AT, HARFEAEA T, 4 45 kT 10 3K
SR AN R AZERCT S22 SRS

=RAW -« LGSFA
PC

B I T— Dim'ensigx? a0 50
514 PaviaUSHAE & SAAES YL T I S 2R

MNIE 4 Rl A5 50, Bl o A AEEL R B0, 4% Sk
O3 2R B B v, X e R Ok A B0 = A0 1) [ R
F&F AR T 26 B i A GEEOE B — e R
Jo , KEBP B kG B e TR, Ho s R 2 ik A RRAIE
R A RS B TR AL A H AL S A S SMM-
DE B335 () 43 kG B A 45 4R 20T FRAO0 T HoAh 503, Hofig
PRGH IR B Fe A o MR RE L X2 [N A 2 BA L AT DA TE G
FAEEHE NAEZ WL 4544 , 3R BUIR4E %5 5 AR AE. 1 4%
LA RE IR B BAF 10 e bERE , SEB0 Th Bk LDA 4h, Hoy

T IR AR Y1 D 20.

SRR D B A A B X AN I ZREE AR 2%
150 JEPERE , M PaviaU Bdf 4R A2 My AL 10,
20,30 .40 F1 50 e i AR VI GRAEAS , HoAax A D it
FEAR. 1 NEFEAEAFINGREART 10 WK 1T
PRI JNG L S AR HEZE Kappa L.

HiZ% LAl B VI ZRRe A B, 48 503k 9 7 2K
K5 BEH Kappa 2 KCH0 A W 32 71, 33X J2: I 8 B AR 0k
2 ALE AR BB TR R O R T AT R AR B AE A
[FISCH 250 T, AR SCHE g SMMDE 533k e HAB 553 73
NG REHR i, B A3 B 4R PCA NPE | LPP 25 i B
7 27 R AR TE 2 M AR AR 19 20015 8, g 28
PERE3Z B s MFA il LGSFA 25 5 = ~) J7 3k, Ho g 26 1k
RE A AN [ 7 B2 A 32 T, (ELHCB0AT 58 70 AR B4 1 9%
TEZ LA , AN RETE /0 PRI B F54E s M-LLGPE 45 %
TIE T3 I A R HeAh 5 35 0 JEH BE A W e /Y
FETt AEIERS IR ) MBI BE 1A A, SEBR N 2 B
R3¢ SMMDE 753 58 73 F 8008 19 22 i 2 45 # 4 3 U
ASISE WA SRR S E R A SR ETE el
T R o B , £ R 48 ) 5 AL, 76 A ] 9 )1
ARG T F AR KRR RE, R IR T 3K
R

RS A8 Bk o R S ) B9 73 SR AR, I PaviaU
B4R AP RERLLE I 2% P I ZRRE A o g AR A
BEATHIRTE. 3 2 TS (9 50 2N BE L PR 73 SN JEE AN
Kappa Z%0, 81 5 AR ATEAR L9 70 JE 45 R .

LGSFA SMML M-LLGPE M-LPP SMMDE
5 B PAEPaviaUBHREE 452K

HIZ% 2 1, 5 HAG 55 75 4 LL, SMMDE 553 76 R
Iy M) AR BE 1% B B ) 2 R AOR , L B A 26K
JEE 1553 JEHE BE R Kappa R840 fc g , Uil SMMDE
SR REA RO 7 DG IS R 1 N TE 2 IR 45 4,
Gy i B IS B AL, T A B o PR RE. TR S
Hh, SMMDE 533545 21 1 73 28 {1 3y e i, el 11 6
FEPRICH) Gravel ™ | Bitumen™ &5 b4 28 il B RCR JE
W .
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F1 FEHEETE Pavial BIEE FHSEBE(0A £ std(% ) (Kappa) )
algorithms 10 20 30 40 50
RAW 61.79 £3.29(0.531) | 67.37 £1.55(0.592) | 70.47 +1.67(0.628) | 71.40 =1.74(0. 638) 72.93 £2.03(0.657)
PCA 61.78 £3.29(0.531) | 67.31 £1.55(0.591) | 70.37 £1.68(0.627) | 71.31 +1.78(0.637) 72.85 £2.03(0. 656)
NPE 60.10 £3.27(0.511) |63.26 £1.91(0.545) | 67.76 £2.20(0.596) | 69.46 +1.32(0.615) 70.72 £1.79(0. 631)
LPP 60.63 £3.09(0.517) | 63.97 £2.24(0.554) | 66. 11 £2.52(0.577) | 70.40 =1.41(0. 627) 72.50 £1.53(0.653)
LDA 61.05 £2.79(0.523) | 64.32 +2.33(0.557) | 67.48 £1.84(0.588) | 70. 10 +1. 67(0. 621) 73.24 £1.59(0. 659)
MFA 64.15 £2.92(0.558) |69.45 £1.76(0.617) | 72.51 £1.34(0.652) | 73.73 +1.54(0. 666) 75.03 £2.30(0. 683)
LGSFA 56.13 £5.22(0.461) | 67.50 £1.50(0.590) | 72.95 +2.34(0.657) | 74. 14 £2.49(0. 671) 76.65 £2.08(0.701)
SMML 61.63 £3.32(0.529) | 68.72 £1.57(0.606) | 70.02 +1.73(0.623) | 71.05 =1.71(0. 634) 72.54 £1.86(0. 652)
M-LLGPE 64.14 £7.07(0.556) | 67.32 £7.61(0.591) | 68.04 +4.27(0.599) | 72.76 +£2.62(0. 656) 73.10 £2.59(0. 661)
M-LPP 68.73 £3.66(0.609) |73.91 £2.85(0.673) | 75.67 +1.71(0.694) | 78.23 £2.22(0.722) 79.67 £1.14(0.738)
SMMDE 70.69 +1.75(0.632) |76.25 £1.72(0.698) | 79.69 +1.07(0.740) | 81.47 +1.45(0.752) 83.25 £1.26(0.772)
F2 BEEI Pavial BIEE L BRMWM I LIEE (% ) MO LER
Classes RAW PCA NPE LPP LDA MFA LGSFA SMML MLLGPE MLPP SMMDE
1 80. 42 80. 34 78. 82 79.50 79. 11 81.76 82. 18 81.33 75. 11 87.76 83.96
2 90. 50 90. 26 82.99 83.21 83. 88 91.31 96.76 89.55 96. 45 90. 86 96. 21
3 52.94 53.18 45.89 47.10 48.51 61.83 59.01 52.79 49.78 69. 08 75.79
4 74.92 74. 89 73.59 73.52 73. 86 72.79 87.94 75.29 54. 11 94.73 79. 39
5 98.78 98.78 98. 63 98. 86 98.33 98.93 99. 62 98. 71 99. 84 99. 77 99. 54
6 58.42 58.42 48.23 48.39 47. 66 61.85 50. 67 56.71 46. 51 82.30 74. 94
7 83. 80 84.03 60. 86 61.70 65.61 87.10 80. 81 83.42 76. 13 66. 38 92. 40
8 75.61 75.49 71.92 72.42 72.09 76. 74 69. 15 75.91 58. 06 55.26 77.25
9 99. 89 99. 89 99. 89 99. 89 99. 89 100 99.24 99. 89 25.32 99. 35 99. 89
AA 79. 48 79. 48 73.43 73.85 74.33 81.37 80. 60 79.29 64.59 82. 84 86. 60
OA 81.19 81.08 74.99 75.34 75. 66 82. 64 83.87 80. 74 76. 55 85.23 88. 04
Kappa 0. 749 0.747 0. 668 0.673 0.677 0. 768 0.782 0.743 0.677 0. 806 0. 840
4.4 KSC HiBEXE -
AESE o Sy B S [ B A AN i A4
SRl N KSC HCHSE A2 ) T ML R 30 A4 Ry seesstszzs
TSR0, B 6 45 th T 45 550 05 16 A [ A4 F T ol
510 LT 1945 A 45 . B
P 6 AT, 46 B0k OA (ELBA% B A 20 10 50 i z oo e s
AW R, 15 T ARGE. 5 G R, SMMDE 83578 K sl TRGA TIMML
LB AR HC SN R BEOE T H A 55 , ok S 2 ) TEbA = SWinibe
AR SCHE it SMMDE Bk B A3 584 20 % T 86 O 1 A0 o
Y SV 2 M BTN 2 S B . A 5 B ol o

LDA FE R ALERON -1, HAB Tk A i A 4500 1
A 20, DLRIESS A IRAFH T 19 0 JEROCR.

N UEAS R AEA R ZRBEAS BT 19 70 28k
AE, S50 P M KSC Bt 4 43 28 oy v B ML 16 B 10,20
30,40 Fi1 50 B bk a3 A S N ZRAEAS , oA D PR

Dimension

6 KSCHURAE LA Rk fER AR FIORIRS SR
APATEY. 3 N KA RV GAEAT AT
10 YCHL AT S B34 A G0 NG 1 B FLbifiE 22  Kappa
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R3 FREEEE KSCHIEE LM EHEE(0A = std(% ) (Kappa) )

algorithms 10 20 30 40 50
RAW 72.96 +1.33(0.699) | 78.30 £1.04(0.758) | 80.68 +0.98(0.784) | 82.14 +0.72(0.800) 83.61 +0.64(0.816)
PCA 72.92 +1.34(0.699) | 78.21 £1.04(0.757) | 80.59 +1.02(0.783) | 82.00 £0.67(0.799) 83.44 +0.67(0.815)
NPE 53.36 +5.07(0.485) | 70.56 £2.05(0.673) | 78.09 +1.21(0.756) | 81.65 =1.15(0.795) 83.33 +1.83(0.813)
LPP 52.76 +3.84(0.479) | 65.00 £1.81(0.612) | 76.65 +1.41(0.740) | 81.44 £1.57(0.793) 84.01 +£1.22(0.821)
LDA 61.87 £3.30(0.580) |79.42 +1.17(0.771) | 86.37 £0.69(0.848) | 88.78 +0.60(0.874) | 90.18 +0.55(0.890)
MFA 72.98 +1.41(0.700) | 78.23 £1.04(0.758) | 80.59 +1.02(0.783) | 82.07 £0.63(0.780) 83.57 +0.61(0.816)
LGSFA 77.44 £1.29(0.749) | 84.27 £0.82(0.825) | 86.97 +0.76(0.854) | 87.65 £0.59(0. 862) 88.44 +0.70(0. 870)
SMML 72.64 +1.33(0.696) | 77.90 £1.21(0.754) | 80.28 +1.02(0.780) | 81.78 +0.76(0.796) 83.06 £0.67(0. 810)
M-LLGPE 76.98 +2.81(0.744) | 83.62 £1.78(0.817) | 83.87 +1.54(0.820) | 86.29 +0.73(0. 847) 86.94 +0.67(0. 854)
M-LPP 73.73 £2.29(0.709) | 77.38 £2.27(0.748) | 79.58 £3.58(0.772) | 89.12 £0.86(0.878) | 90.18 +0.78(0.890)
SMMDE 82.50 +1.34(0.806) | 87.42 +0.86(0.861) | 89.98 +0.90(0.887) |90.75 +0.61(0.896) | 91.45 +0.80(0.905)

R4 BEENKSCHEE LSRBMNDERBE(% ) MoEER

Classes RAW PCA NPE LPP LDA MFA LGSFA SMML MLLGPE MLPP SMMDE
1 79.08 78.95 49.33 27.34 66. 08 78.95 80. 69 78. 82 83.38 89. 54 86. 86
2 66. 52 66. 52 32.62 22.31 57.08 66. 52 75.96 67. 81 87.55 87.12 78. 11
3 60. 57 60. 16 20.32 20.32 42.68 59.75 73.17 60. 57 59.75 48.78 73.17
4 37.19 37.19 16. 12 9.09 31.82 36.77 40. 49 36. 36 54.96 52.48 60. 33
5 62.91 62.91 25.83 19. 86 31.79 62.91 63.57 63.57 58.94 68. 87 62.91
6 36.07 36. 98 16. 89 22.37 15.52 36.53 41.55 36.53 49.77 45. 66 42.92
7 76. 84 717.89 55.79 35.78 49. 47 76. 84 81.05 76. 84 77. 89 92.63 93. 68
8 67. 69 67. 69 38.95 27.55 50. 59 67. 69 72.21 67. 69 82.42 93.58 79.57
9 85.88 86.27 38.23 40.00 55.09 86. 08 89. 60 86. 08 72.55 97. 84 96. 86
10 75.38 75.12 57.61 28.93 76. 14 75.13 81.72 75.89 77.15 88. 32 87.06
11 90. 46 90. 71 81.42 74.32 66. 01 90. 71 93. 64 90. 46 99.75 98.53 94. 62
12 72.82 72.82 28. 80 60. 04 45.23 72.82 77.28 72.62 46. 04 6. 69 79.31
13 97.79 97.79 89.32 96. 81 88.76 97.79 97.90 97.79 97.79 99. 01 99. 01
AA 69. 94 70. 08 42.40 37.29 52.02 69. 88 74.53 70. 08 72.92 74.54 79.57
0OA 76.33 76.39 50. 01 46. 46 59. 80 76. 30 80. 06 76.39 717.40 78. 66 84.53
Kappa 0.737 0.738 0. 446 0.410 0. 556 0. 736 0.778 0.737 0.749 0.762 0. 828

T 3 FR, A Tk 1 o SO E BE VI ZR ke
ASBICE NI B2 157 , ] IRk R B R 2 T O ik 1 o 2R R
TR W 2 07 ik RN R S5 4 4 T, SMMDE
7P FEBOR L T HA R, A2 I GRRE AR B A I I8
Wk I JE i T SMMDE J5 3438 i3 % % 73 Ja 1) 1 T 4L
P77 BB ARESE, 73 5944 3 78 P9 1 AR
FE 1] P AR () — 5 B FAS [R] 53t 1B 1] 9 B = (]
ARE I, ZE AR Ak i A 25 T8 183 T8 A il /<l E SR 4
P (6] RnT BE S 1, B0as 1 a1l 04, AN )
W] B AR 8] B e R A, A AR TH o N
S TS B i .

it — R W] SMMDE 53325 %% 45 268 3t 49y 114 43 2 1
fig, I\ KSC Hetfa 45 P Rl LI B 2% A R Zhbe A, Hogx
FIAREAEATOIIE. K 4 R 2R 73 5 5
73 2K B Fl Kappa 2R 8. &1 7 S AN [a) 5332 19 43 26
R KA.

B 4 AT, A T A BR E, SMMDE 7 K £ %
HuP N AR RE AR e A 4 ERIOR , HLEA Sy KT L
-5 20K 8 ) Kappa F U, iX W] SMMDE fE 78
G347 G TS R 4 P 28R, AR T e DG T AR
Yor2e. 7el8 7 v, SMMDE B8 3:45 31 (%) 43 28 |5 57
R B A B AR ) “ Water” | “ Hardwood swamp” 45
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Ground truth
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AR HEAT T IE R 3, 76 B SE Al b 3 5 4 3 2R N IR
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WAL ei28 = 2 N AV W ALTH ER WA N 8= NG L N T
PEIRAE IR RS 7 HC, 3 0 A [) 3t 99 )R] o0, A 5K
PRI HIRRAL , 2E M3 70 JEBOCR . 7 PaviaU FIKSC 5
JCTE RS B SRS AR W A SCHR i) SMMDE 3
LS AR IE (2R R A L, 20 RS R N,
AR W i
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B Pz Z R 2~ 7 ke AR, 2t — 48 Tt
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