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Abstract: The paper proposes a new version of local tangent
space alignment (LTSA), named multi-strategies upgraded
local tangent space alignment (MSU-LTSA), to solve the
problem of computational complexity in dimensionality
reduction of hyperspectral imagery (HSI) for classification.
First, random projection is introduced into the new method to
reduce the number of HSI bands. That decreases the
computational complexity of k-nearest neighbors (KNNs)

construction and local tangent space construction of each
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pixel. Then, the recursive lanczos bisection algorithm is
utilized to construct the fast approximate KNNs graph and it
reduces the computational time of regular approach. Finally,
when finishing constructing the global alignment matrix, the
new method uses the fast approximate singular value
decomposition to promote the computational speed of the
regular eigenvalue decomposition of global alignment matrix.
With two different HSI datasets, four groups of experiments
testify the
performance of computation and classification for MSU-LTSA.
The results show that MSU-LTSA speeds up LTSA at least 3

times whereas only degrading about 1%

are designed to completely analyze and

in its overall

classification accuracy (OCA).

Key words. multi-strategies upgraded local tangent space
alignment; local tangent space alignment; random projection;
dimensionality reduction; hyperspectral image classification
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Fig.1 The method of MSU-LTSA
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Tab.1 The contrast of the computational complexity between MSU-LTSA and LTSA

HaRE
B MSU-LTSA LTSA
(1) BEALBST AR R 6T e B O(DPN)
(2) AR O(PN®) (1<Ca<(2, P<<<(D) O(DN?)
(3) Rk as 1a] A4 e s A Ay O(PNE3)+0O(kEd) O(DNEH +O0kEd)
() HEBNSE R & R0 17 O(dN?) O(N®)
MRERE O(DPN)+O(PN«)+O(PNED +OE D +O(dNT)  O(DN2Y+O(DNE) +0C(kEd) +O(N3)

=, 5E 2 JPL RGO T 1992 £ 6 A 12
SRS, WETECh 200, 22 (B4 3% 20 20 m, %
FEAFBER K 10 nm, YEREX E]h 200~2 400 nm. & 3
So7E S PR PLE L X P 6 BEHLA— /B X R, £
& 145X 145 B E. EhILE 16 2818, K py il
SR A5 B 3.

3 Indian #E
Fig.3 The Indian dataset

3.2 LWHER

K LA b B HE 4 Sk 4 T 43 A A X MSU-
LTSA J5¥: 15 3% 432k 68, MSU-LTSA Jf
P, 380 =2 RIS R A R BOE & Y R B M S

2 PaviaU £iE —{H 500. S5 % P & 3F 4 (k-nearest neighbors,
Fig.2 The PaviaU dataset KNN) #1572 #:[m 881 (support vector machine, SVM)

x2 PaviaU HEHIISMNRERER

Tab.2 The information of training and testing samples in PaviaU dataset

*RE R4 i3 yES Wit *RE R4 % Yilgk Wl
1 Asphalt i 839 3 356 6 Bare Soil Mt 1006 4023
2 Meadows Mg 437 1748 7 Bitumen =4 266 1064
3 Gravel v 420 1679 8 Self-Blocking Bricks  H :H#% 469 1878
4 Trees A 310 1240 9 Shadows BHE 186 743
5 Pa“lsfsefsletal uﬁ%%}ﬁ 269 1076 2% 4202 16 087

%3 Indian FEFYISMALERER

Tab.3 The information of training and testing samples in Indian dataset

x5 R4 B Y&k b7 x5 K4 53 PR i
1 Alfalfa B 9 37 9 Oats ek 4 16
2 Cornnotill *E;?igg 286 1142 10 Soybeans-notill *j?%ﬁiﬁ% 194 778
3 Corn-min Tk 166 664 11 Soybeans-min WoRE 491 1964
4 Corn EoKHL 47 190 12 Soybeans-clean qﬁfgﬁﬂgﬁ 119 474
5 Grass/Pasture Bl 97 386 13 Wheat INE 41 164
6 Grass/ Trees EWRES 146 584 14 Woods AR 253 1012

Grass/ pasture- BN Bldg-Grass- - M-

7 mowed =% 7 21 15 Tree Drives BABRE m 309
8 Hay-windowed F 5 96 382 16 Stone-Steel towers Va3 19 74

ot 2 052 8 197




128 [ 5F K 2% % A KRB %

LRV
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10 WA TSRS, AT SEER A5 R 2 10 M SE 5 i
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(D 5 S

S5 38 1 BUAEAS [ R ik A R BRI AR 38 R /N R 25
4 He MSU-LTSA 1 LTSA #3+ % 3 . PaviaU
BE PR dE e A 4E8L d SRR 20~50, 2K
10,& B R/INEE R B =d+5; Indian ZHE HH K4k
AHEE d WIEIEh 25~55, 5K 10, SR5E & B9 R
INF R =dA-10. ADBARFEPIRE b=d+5 M k=d
+10 REMELRIIE R 45 22 (1 SR 3 S R M 8 R i Ul 2 1l

] st 36 2 R b O 9k B X L R &3 X X R,
PaviaU $4E DL 48 P 7 60, HE R o
0. 15; Indian B85 P RER4EEL P h 100, BB RE o
R 0. 10. SZEFIEE BE/R Xeon E5400 2. 83 GHz 4t
FHES 32 GB NFEF] Windows 7 #:E R 45, (AR 4%
FR5% 4 Matlab 2011b. W FP 7 2k B 138080 B2 X6} B L
# 4, T LLFE L, PaviaU d1, k=25 Fl d = 20 B,
MSU-LTSA #2755 LTSA it B = 3. 87 f%; &
k1 d 3N, MSU-LTSA [#3H 5035 5 im e 2 ;
#E k=55 F1 d=50 i, BEAE IR S 40 4. 69 £/ LTSA
T FE. Indian £ 09 5036 45 5 [R) A PR 5 —
4. 24 k=35 f1 d=25 B}, MSU-LTSA (13+8 i}
)& LTSA (¥ 1/3. 30; b & fld (HEHm, 78 k=65
M d=>55 B, I H MR HEF 4. 58 4. H i, MSU-
LTSA REf#2 % LTSA M BRCE =D 3 45

% 4 MSU-LTSA 5 LTSA §9it&iEE3TLE
Tab.4 The contrast in computational speed between MSU-LTSA and LTSA

PaviaU %t Indian %48
. AR /10t s . HHERIE /10 s
E e MSU-LTSA LTSA o B MSU-LTSA LTSA H
k=25, d=20) 3.712 14,37 3. 87 (=35, d=25) 0.522 7 1.727 3. 30
(k=35, d=30) 6. 702 26.41 3.94 (k=45, d=35) 1. 037 3.479 3.35
(k=45, d=40) 9. 508 40.76 4,28 (k=55, d=45) 1. 427 6. 033 4,23
(=55, d=50) 14,43 67.71 4. 69 (=65, d=55) 2.219 10. 18 4.58

(2) HEL

LI E i A 2ok 5 MSU-LTSA i A 45
FIAPIBR. th T = Fp o B 2 7 SR e (4R = LTSA
MR, JE ok 6 & LTSA Bk .0 BRE. B
I o 388 3 S R 2 R X B AT B R O Bk B 2K
gER 2533 IRAIE, PaviaU S35 5 B AL 1% 52 48 50
P60, EBZER a 0. 10, B ALE d H 45,455,
k [ /INH 50; Indian BdEH P 24 100,04 0.15, d
H 50, k & 60. & 4 A] LLFE U, PaviaU H, MSU-
LTSA [# S 432545 BE OCA A 1 LTSA F-3¥ T [
%5 1. 26%; Indian ", MSU-LTSA f OCA #d t
LTSA EH# FREL 1. 08%. Pith, MSU-LTSA 742
15 LTSA 58 8 5 fy g, UL RR T 1% EH K
R K . W at, LLTSA (linear local tangent
space alignment) P WWER LTSA MR HEBGE B, 2
5% H T MSU-LTSA 5 LLTSA ffksr245 8. 1]
LIk, RE MSU-LTSA ¥ OCA %5 R gk T
LTSA, B3] 2 5 T LLTSA [4354%

(3) BEMLILRZHEEL P St 2K B SE 56

ST i AR RE ML R 4B P B 9T o MSU-
LTSA 4245 R IG5 M. PaviaUS5 It P 2L £ X

%5 MSU-LTSA 5 LTSA i34 133tk

Tab. 5 The contrast in classification results between
MSU-LTSA and LTSA
, OCA/%
LELE GES MSU-LTSA LTSA LLTSA
KNN 74.41 75. 46 71, 33
PaviaU %¢iE
SVM 83.12 84, 58 80, 15
KNN 81. 67 82.58 77.48
Indian %t
SVM 86. 69 87.94 84,72

[E] >4 50~100, 2644 10; Indian FHEH P B#EHFX
&)k 80~180, KK 20. £ A8 X, PaviaU %
PER d kR 40,k S 45,0 2 0. 10; Indian FLHEHT 4
K 55,k K 70,0 K 0.12. P 530K OCA LR
i 4 firs. W LUE . BEE P BB IN, & 8088
OCA A/MaZy A KARw 218, Hi, 4
P X530 BE IR TR K. SR, 25 S8 B L PR 4 28
K 5 B R ELREHLB 2 B3 3R 2 2 AR TR s i
HEFM KR P ROIES G R S

(1) EBBE o XIS SLE

SEIRE A MO PO AT, e SR EA R TTHESS
B o R/MIFSEHLN MSU-LTSA R4t 5 K45 R
FIRA IR, 358 , PaviaU 1 Indian HIEHIEESH o
FIYE R X JRIER 4 0. 05~0. 4, 2K K 0. 05, 338 X
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o2k ZE AR = AR /MMEREG. I, B
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86 o svMm

BygEH P
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901
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88t
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S 85t
© gaf
83+

B oo
8 1 1 1 1 1 J
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BREH P

b Indian ¥(iE
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- SVM
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Fig.4

[ —— KNN

861 o qvM
84f
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The relationship between projected dimension P and OCA on the PaviaU and Indian datasets

[ —— KNN

gsl - SVM
Sk
<
83F
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BEE W o
b Indian 238

5 PaviaU B Indian FiIFHEESH o 5 OCAHX R

Fig.5 The relationship between overlapping parameter ¢ and OCA on the PaviaU and Indian datasets
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{RIE MSU-LTSA 3R1GE R M/ BAEE. ATk
[ TAE AR, V2K AT BT 3k 00 22 R AR v 4
BB} 5 240 A SR R i — 2 S AR SR
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