48 10 H 3 b % #H
2022 4 10 H ACTA AUTOMATICA SINICA

Vol. 48, No. 10
October, 2022

H B EEIE 7 K BEBILIATFEHRIFERA

# OEER OBRFE

W FE KEHAHLH (Dimensionality reducion, DR) 7753 B CRHF B 7] W g Rp v 10 (=TI, 0 DR J L AT 45 44) 1) DR 35 e
A I FAT S B E VRFAL, D AR ST Y — IR 15 Jm 0 T L AR 3 408 435 K40 A ) 30 i T F) 2 B 20 1 75 0% 1207 ik v S il
Ao JR F A A R N T 1% FEAG A R A DL OR R B 10 R R DG 2R RD I T SRR A AT B P 1 J) A U T A5 A, (R e b
o PR A AE S R R S50 P ) 0 L AT 30 408 45 ) RIS R0 45 0, 5 J IR 2 N 2 [R] v (8 588 A i IR P E SR A, BRI A 4 31
fiE, AT THH 53 2K BE. 7E Indian Pines M PaviaU &G i $ 4 b i S 45 KR W, A SOOMVEME TR G 482 1 U7
IR RE W] ) 70 MR RE, R AR > EATIAE] 83.02% M1 91.20%, A AT SEFR M.

XEIE EDCIERIE, 4R, MR, W, RN

SIS, B, BUTAR. A RS 80 R A LT R ORI RN . E S ALA 4R, 2022, 48(10): 24962507

DOI 10.16383/j.aas.c190594

Local Geometry and Sparsity Preserving Embedding for Hyperspectral Image Classification

HUANG Hong' TANG Yu-Xiao'! DUAN Yu-Le'

Abstract A large number of dimensionality reduction methods show that while maintaining the sparse character-
istics between data, ensuring that the geometry is maintained can more effectively extract discriminative features.
To address this issue, a dimensionality reduction (DR) method combining joint local geometry neighbor structure
and local sparse manifold is proposed. The method first reconstructs each sample by local linear embedding to main-
tain the local linear relationship, and calculates the local sparse manifold structure in the neighbors. Then the local
geometry neighbor structure and sparse manifold structure are maintained by the graph embedding frame. Finally,
in the low-dimensional embedded space, the intra-class data is compacted as much as possible, so that the low-di-
mensional discriminative features are extracted to improve the classification performance. The experimental results
on the Indian Pines and PaviaU hyperspectral datasets show that the proposed method can significantly improve
the classification precision compared with the traditional DR methods. The overall classification can reach 83.02%
and 91.20%, respectively, which is beneficial to practical applications.
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Flowchart of the LGSPE method
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(b) PaviaU
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OAs with different parameters S, and C, on two datasets

(S TN E LI MEE (%) (p, 1))

Classification results with different methods on Indian Pines dataset (OA + Std (%) (p, h ))

8%

10%

64.97+£0.65 (1.2x10™, 1)
64.83£0.53 (4.6x10%, 1)
68.52+1.19 (1.3x10™, 1)
65.1740.84 (9.3x107, 1)
68.72:1.28 (2.3x10™, 1)
64.2940.96 (6.2x107%, 1)
66.05+0.58 (7.6x107, 1)
69.05£0.97 (2.4x10, 1)
69.00+1.37 (3.8x10™, 1)
61.65+0.84 (1.7x107, 1)
72.77+1.13 (3.4x10, 1)
72.7141.09 (1510, 1)

5
Fig.5
#£ 1 AEZEIEL Indian Pines $HE4E _F 15324k
Table 1
Bk 2% 4% 6%
RAW  58.08+1.01 (1.5x10™, 1) 63.174+0.95 (5.8x102 1)
PCA 58.0241.03 (1.1x107™, 1) 62.994+1.04 (8.7x10™, 1)
LDA  47.3941.49 (5.9x107, 1) 63.154£1.47 (L.5x10™, 1)
LFDA  57.68-40.80 (2.3x10™°, 1)  63.0041.26 (2.1x10", 1)
SNPE  47.29+1.82 (1.5x10™,1) 65.0441.29 (2.1x10™, 1)
SPP  51.95+1.04 (8.0x10™, 1) 60.00+0.80 (1.6x107%, 1)
DLSP  57.47+1.36 (2.1x10, 1) 63.63+1.18 (1.5x107%, 1)
SDL 57.564+1.08 (8.8x107™, 1) 64.04+0.52 (2.3x107%, 1)
DSPE  61.664+1.80 (25x10™, 0) 65.63+1.89 (5.5x10, 1)
MSME  51.66+1.34 (2.4x107%, 1) 57.764+1.38 (1.3x 10, 1)
LGSFA 58.44+1.64 (3.7x10™, 1) 68.17+£1.69 (6.0x10™, 1)
SDME  58.99+1.41 (3.8x10™, 1) 66.84:1.34 (4.0x10™, 1)
LGSPE 62.79+1.25 70.344-1.05 74.644-1.25

66.11£0.57 (2.2x10™7, 1)
66.09+£0.70 (7.2x10™, 1)
71.05+1.03 (7.5x10™, 1)
67.25+0.63 (3.5x107%, 1)
70.19+0.73 (6.2x10°™, 1)
65.980.59 (2.8x10™7, 1)
67.65+0.74 (1.4x107, 1)
71.27+0.88 (9.0x10™, 1)
69.25+1.28 (1.7x10™, 1)
64.36+0.57 (8.0x107™, 1)
75.450.90 (4.6x10°%, 1)
76.05+£0.55 (7.2x10°%, 1)

77.044-0.86

67.88+0.55 (3.9x10™, 1)
67.80+0.53 (2.3x107™, 1)
73.53+0.63
68.78+0.79

2.2x10™, 1
1.5x1077, 1
71.674+0.44 (1.7x1077, 1

69.35+0.94

(

( 1)
( 1)
( 1)
67.97+0.55 (5.2x10™%, 1)
(1.6x107%, 1)
74.03+0.72 (3.3x10°, 1)
70.84+1.15 (3.9x10™, 1)
66.570.99 (4.5x10™, 1)
77.2420.59 (2.4x10°%, 1)
78.3040.30 (2.0x10™, 1)
79.1340.53
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PAFAE T R — T8 L 3047 BN B 74 SDL
SDME. LGSPE REAR i b & BLEHE 1 BG4 5] )
PSR, HAE RS 7 264 T, &A3J77%: LGSPE
REIRIF I K, X & H T LGSPE fg R £/
FEECHE 1 o0 L AR T A &5 M RO R i R, 1G98 T 4K
PERRIERE )1, BRI TFIRT > K .

PN EIER SR 5 R 5 A7 LGSPE |1
S LTS 0N T A58 1 p (A0 R AE AT 50, B T AR
DEUEBLR, AT E SR S AR SRR R
SRR, BME ISR RGN, Bz RiE
AR KA. ATk LGSPE £ K2 80l 4 4
7 o b FE Y i T HAR vk X & T LGSPE
T 1 Pl REAE AT 2 iR N B PR v 4 2 1) o 1 Jg i ) L
A2 Ve S5 4 SRR IR T S50, 458 T AN [F) 2 501 B e
(B PRI RT o $RECH A R T 40 SR HRAE.

N3 AT A% B B W (R R AE SR B, 7
B R EEHIIEREL 15% FIFEAVE N GRAEA, H
FAERMNRAEA, & 2 BRI Bk
FABRE . P K5 . Kappa RE L 4EH0 1% (DR)

JIT FH RR) B[] SRt bE 2% BRI 5, ] 6 9 & SRR AE
Indian Pines £(#54E FXTRIEE 2 {72845 AL

& 2 W& 2|, LGSPE 1K 2 80050 Kk
FE AT Hoh 738, HARYEE] 6 Homl Wl 210560 B )
2,5, 6, 11 KEAEIFH 73 RACR, H5r mUHXTEL
A FEFERE 6 i AR I, DA OB, S R () 1
YN “Notill”, “Grass/Psature”. “Grass/Tress”~
“Soybeans-min”. [FIIF, K2 8 B KR 7751
Woe 24 B 1) B S5 S v T K ARV, DR R 7 ) K
Jot S — MU e 38 SR P IR AR A, e B 18 1
BN, IEAREOR 2 | T H AR O B D B
16 9 B I TA) R G .l 3R 2 WM 8% B AR ST vk
LGSPE A% T SDME 73 45 B 5 e (4 17 i )1 it
()2 D VR 2 3 T AR SO B A A — M40
B TR, PR SRR AR, 3R T AR
NZRHE.

2.4 PaviaU #BIEESLLS

Ht— 25 R A PaviaU s 8256 0F Hik 1A 25k
Az A, WY e HLIE L 0.4%, 0.8%,
1.2%, 1.6%, 2% PIVZFERE NS, HRIEN
TRARLE, BTz B0 S 10 B A B R HL2R B,
N PRAETE P s B BRI SRR ZE AR,

%2 AFAHELE Indian Pine $iE 4 F 5210 /) 2445 R
Table 2 Classification results of each class samples via different methods on Indian Pines dataset
B RAW PCA LDA LFDA SNPE SPP DLSP SDL DSPE MSME LGSFA SDME LGSPE

1 58.33 66.67 72.22 61.11 47.22 63.89 58.33 58.33 55.56 52.78 75.00 77.78 77.78
2 55.68 55.93 67.13 60.38 62.36 59.06 58.90 70.76 66.97 58.07 77.35 77.18 79.98
3 58.01 58.16 63.55 59.86 63.26 58.01 58.16 64.40 60.57 59.43 67.52 68.65 70.35
4 38.31 37.31 51.74 36.32 40.80 32.84 43.28 51.74 39.80 32.84 52.24 54.73 61.19
5 83.70 84.18 87.83 84.18 83.94 83.94 86.62 88.56 86.62 82.00 89.29 90.51 91.24
6 93.23 93.71 96.77 94.68 93.71 94.68 94.52 96.94 95.16 92.74 97.58 97.26 97.90
7 77.78 77.78 72.22 55.56 88.89 55.56 83.33 83.33 88.89 66.67 88.89 88.89 88.89
8 94.83 95.57 99.01 93.60 94.83 94.09 96.06 94.83 95.57 92.36 96.06 96.31 96.80

9 50 60.00 90 70 70 40 60 100 90 60 100 80 70
10 66.59 65.38 61.74 68.77 69.61 69.85 65.98 74.21 67.43 67.43 74.33 77.24 77.60
11 70.82 70.96 73.50 72.83 75.13 73.41 72.21 81.74 74.75 74.70 80.88 81.60 82.89
12 43.25 43.85 70.63 46.63 53.77 46.43 49.80 63.10 62.30 43.45 69.64 72.42 75.99
13 89.08 86.78 97.13 86.78 87.93 93.68 85.63 95.98 94.83 82.76 94.83 95.98 95.98
14 88.93 88.56 94.05 90.23 90.88 89.58 90.33 96.65 91.53 90.33 94.60 94.33 95.26
15 35.37 34.76 59.15 39.94 38.11 39.02 35.06 46.04 42.99 33.54 50.91 50.00 56.71
16 92.41 92.41 88.61 91.14 89.87 88.61 92.41 91.14 86.08 86.08 86.08 88.61 89.87
OA (%) 69.65 69.65 76.17 71.62 73.34 71.43 71.28 79.12 74.63 70.65 80.57 81.32 83.02
AA (%) 68.52 69.50 77.83 69.50 71.89 67.67 70.66 78.61 74.94 67.20 80.95 80.72 81.78
Kappa 0.654 0.654 0.728 0.676 0.695 0.674 0.673 0.761 0.710 0.664 0.778 0.787 0.806
DR B[] (s) 0.01 0.01 0.06 0.13 21.94  39.76 3.67 2.07 6.18 5.52 36.64 12.28
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Fig.6  Classification maps of different method on Indian Pines dataset
* 3 AFFIELE PaviaU $dE % LA RE0R (B KRG HE%E (%) (p, 1))
Table 3  Classification results with different methods on PaviaU dataset (OA + Std (%) (p, b))

LS 0.4% 0.8% 1.2% 1.6% 2%

RAW  76.16:£1.28 (1.8x10™, 1)  78.13+£0.69 (2.4x107%, 1)  80.50+0.53 (5.2x1077, 1) 81.1140.65 (4.7x107, 1)  82.20+0.54 (3.0x10™, 1)
PCA 76.154+1.27 (1.7x107, 1)  78.1240.69 (2.4x107", 1) 80.49+0.54 (6.7x107"7, 1) 81.1040.64 (4.1x107'%, 1) 82.1840.54 (2.5x107", 1)
LDA  68.064+1.49 (12x107 1) 76.24+1.65 (1.1x10™, 1) 78.73+1.21 (4.2x10™, 1) 80.36+0.64 (T.0x1077, 1) 81.88+0.64 (1.1x107°, 1)
LFDA  79.10+1.16 (3.8x10™, 1) 81.604+0.57 (1.0x10™", 1) 83.4140.26 (6.6x10™°, 1) 84.2540.68 (1.7x10™, 1) 85.25:+0.48 (3.7x10™, 1)
SNPE  75.17+1.00 (4.5x107", 1) 78.3241.23 (1.2x107%, 1) 80.4840.56 (9.0x107"", 1) 82.15+1.20 (1.9x10™", 1) 83.09+0.68 (7.7x107", 1)

SPP  67.2340.44 (1.9x107, 1) 73.63+1.27 (6.1x107, 1) 76.2440.96 (1.6x1077, 1) 78.13£0.48 (5.7x10™, 1)  79.1940.92 (5.4x107", 1)
DLSP  74.3241.80 (6.8x107°, 1) 77.7341.10 (1.0x10™, 1) 80.4740.80 (5.7x107%, 1) 79.69+1.39 (4.9x10™, 1) 81.5241.02 (3.9x107, 1)

SDL 57.3042.31 (9.4x1077, 1)  60.73+4.15 (2.2x107%, 1)  62.80+2.30 (1.4x1077, 1) 65.464+1.89 (2.2x107"%, 1) 67.2842.63 (1.3x107", 1)
DSPE  79.5041.52 (6.0x10°%, 1) 80.50+2.31 (6.6x10"7, 1) 80.75+1.56 (1.8x10™, 1) 82.09-+1.42 (1.7x107", 1) 83.62+1.67 (2.1x10™, 1)
MSME  75.24+1.76 (3.2x10™, 1) 79.3241.90 (3.3x10™, 1) 82.94+1.01 (2.6x10™, 1) 83.9441.12 (1.9x10™, 1) 85.41-+0.64 (2.8x10", 1)
LGSFA 73.904+1.05 (4.7x107, 1) 78.26+1.80 (1.6x107, 1) 81.4040.93 (5.3x107", 1) 82.594+0.65 (2.7x10™", 1) 83.2840.78 (9.5x10™, 1)
SDME  79.67-£1.84 (3.2x1%, 1)  82.3240.74 (9.0x10™, 1) 83.57+0.68 (22x10™, 1) 84.67+0.78 (4.6x10™, 1) 85.35:£0.60 (9.7x1072, 1)
LGSPE 82.96+1.46 86.244-0.78 87.344-0.47 88.23+0.52 88.7440.36
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Table 4  Classification results of each class samples via different methods on PaviaU dataset

B RAW PCA LDA LFDA SNPE SPP DLSP SDL DSPE MSME LGSFA SDME LGSPE
1 85.76 85.74 87.59 86.28 86.17 83.60 86.25 66.85 76.28 85.33 89.17 85.24 89.08
2 93.48 93.33 93.76 95.49 94.65 93.19 93.28 94.19 93.52 96.14 97.27 93.50 97.92
3 63.09 62.99 62.24 69.26 64.69 57.37 62.69 49.00 58.48 64.54 66.10 63.29 74.12
4 83.10 83.24 84.40 84.40 84.95 80.87 83.37 75.78 79.66 83.72 90.45 87.29 88.94
5 98.75 98.75 99.84 99.30 98.67 99.22 98.75 99.69 99.61 99.77 99.77 99.69 99.61
6 63.02 63.16 68.84 72.35 68.04 67.06 62.89 34.72 73.73 76.81 58.04 72.48 82.52
7 83.93 83.69 74.51 86.22 85.59 76.80 83.45 54.87 71.81 82.34 78.62 84.40 88.28
8 80.70 80.93 76.62 83.16 81.68 76.53 80.85 75.61 70.10 78.90 75.04 74.30 83.59
9 100 100 100 100 100 99.67 99.67 87 97 99.33 99 98.89 100
OA (%) 85.37 85.34 85.90 88.13 86.88 84.38 85.35 76.63 83.40 88.03 87.29 86.20 91.20
AA (%) 83.50 83.50 83.04 86.25 84.90 81.59 83.47 70.91 80.07 85.21 83.79 84.34 89.21
Kappa 0.804 0.804 0.812 0.841 0.824 0.791 0.804 0.682 0.778 0.840 0.828 0.816 0.883
DR B[] (s) — 0.009 0.01 0.10 0.28 23.72 71.13 7.30 6.54 8.26 6.31 33.18 12.17

“Soil” .

“Bitumen”

. “Bricks” 2 IRIEE =

Fig.7
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Classification maps of different method on PaviaU dataset
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BB IS (Weighted median filter, WMF) X /&
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Classification results with different methods on PaviaU and Indian Pines dataset (OA + Std (%) (Kappa))

20

40

60

55.25+2.36 (0.499)
56.58+4.33 (0.515)
61.8242.88 (0.572)

65.27+1.66 (0.609)
79.30+1.63 (0.767)
85.48+1.48 (0.836)

58.78-+0.91 (0.538)
59.91+:2.70 (0.550)
70.26+1.42 (0.664)

70.1441.65 (0.663)
86.64+£2.85 (0.848)
90.68--1.00 (0.894)

61.10-£0.33 (0.562)
66.90-£1.69 (0.626)
73.29+1.09 (0.697)

74.30-:1.04 (0.709)
87.75+1.15 (0.860)
93.92+0.50 (0.930)

2506 H ) 1t
# 5  RFEIFIELE Indian Pines Al PaviaU B4 #9245
Table 5
5 10

RAW 44.0243.74 (0.376)  48.69+1.92 (0.430)

AyEP  SSRSHE  43.65+5.79 (0.375)  49.16+5.34 (0.436)

Indian LGSPE  45.5842.97 (0.342)  52.80+2.47 (0.470)

Pines RAW 48.9742.10 (0.432)  58.53+£1.92 (0.535)

JEWJE  SSRSHE  65.04+4.15 (0.610)  71.50+2.87 (0.680)

LGSPE  69.17+£2.72 (0.657)  78.96£1.82 (0.763)

RAW 56.85+7.57 (0.474)  65.1243.46 (0.564)

KUEH  SSRSHE  62.49+3.39 (0.538)  64.29+1.73 (0.559)

PaviaU LGSPE  65.58+6.08 (0.567)  69.91+6.06 (0.622)

RAW 60.414£2.85 (0.514)  67.39+£2.46 (0.590)

JEW )G SSRSHE  71.18+4.85 (0.639)  75.17+2.96 (0.686)

LGSPE  76.10+3.53 (0.697)  80.21+£3.05 (0.700)

68.82+2.72 (0.609)
67.81+:3.25 (0.599)
75.70+1.98 (0.690)

71.27+3.06 (0.639)

82.86:£2.07 (0.730)
86.70+2.18 (0.828)

71.78+0.79 (0.644)
71.21+1.71 (0.638)
81.76-£1.71 (0.765)

76.11+1.14 (0.696)
84.2440.71 (0.795)
91.02£1.95 (0.883)

74.58+0.59 (0.676)
75.3642.44 (0.685)
81.45+1.30 (0.760)

77.8642.17 (0.718)
87.02:£0.97 (0.803)
93.72:40.93 (0.917)
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