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Fig. 1  Visual matrix of Euclidean distance and Pearson correlation coefficient
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Fig. 7 Adjacent subspace partition points of different objective functions (the red circle represents the best partition point)
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SCAE P BAR R BOk gt 95 R0 SR K- AR SS HIR R OKCHR AR I B, BAT B #9380 ml
HREEEER LTS raE R EEER
R1 E3INHEELESHER20MMRERRATRIEFEEXS 5 ENERE

Table 1 Select 20 bands to verify the effectiveness of the subspace partition method on three hyperspectral datasets

1%
F BRI T R B8 E AR A A B 7 g B R

E-FDPC" PB4y ASPS_MN’ PIENL E-FDPC" PB4y ASPS_MN’ PIENL

0A 79.83+0.11  79.46+0.08 80.78+0.12 81.89+0.13 74.45+0.14 75.13+0.14 73.76x0.10  76.59+0.12

Indian Pines AA 76.56+0.12  76.96£0.09 76.35x0.13 81.65:0.09 72.05x0.12 72.68+0.15 71.640.09 75.55+0.10
Kappa 76.94+0.12  76.43+0.08 78.31x0.11 81.42+0.10 70.89+0.12 71.71+0.12  70.02+0.11  75.43+0.11

0A 95.41+0.09  95.06+0.05 95.56+0.05 96.30+0.04 94.91+0.09 94.53+0.08 95.36+0.09  95.90+0.06

Washington DC AA 95.23+0.08  95.110.04 95.52+0.07 95.94+0.06 94.62+0.08 94.27+0.06 95.45+0.09 95.75+0.05
Kappa 94.17+0.09  94.060.04 94.3020.07 95.53+0.05 93.54x0.08 93.26+0.06 93.96x0.08 94.31+0.05

0A 90.93+0.07  90.23+0.13  91.06+0.08 91.39+0.05 90.42+0.08 89.23+0.12  90.96+0.08 91.50+0.03

Salinas AA 94.84+0.06  93.79+0.14 94.98+0.07 95.28+0.04 94.98+0.07 93.01+0.11  95.00£0.09  95.96+0.03

Kappa 90.33x0.06  89.56+0.12 90.21+0.07 91.01x0.04 90.21+0.07 88.24x0.12 90.32+0.08 91.32:+0.02
e AR SRR 2 102 K 0 SR A AR SCHRE ) Py B 8 LA RRE E dee s

85
BB BB BB

5 10 15 20 25 30 35 40 45 50 55 60 510 15 20 25 30 35 40 45 50 55 60 5 10 15 20 25 30 35 40 45 50 55 60
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Fig. 8 OA for using different information measurement methods to select bands on three datasets
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Fig. 9  OA for selecting different numbers of bands on the dataset with high—noise bands removed
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Table 2 Classification accuracy of 10 representative bands selected on three datasets with high—noise bands removed

1%

itk Gy All bands MVPCA LCMVBCM WaluDI FDPC ASPS_MN PIENL
OA 79.13+0.02 64.18+0.08 68.53+0.23 69.34+0.18 69.56+0.16 74.72+0.29 77.81+0.14
Indian Pines AA 78.00+0.02 63.99+0.06 68.01+0.25 68.78+0.15 69.89+0.14 72.18+0.15 75.44+0.12
Kappa 76.52+0.03 63.83+0.09 67.74+0.19 68.03+0.20 69.72+0.19 71.33+0.36 74.71+0.17
OA 96.78+0.04 89.78+0.03 91.25+0.11 92.11+0.07 94.21+0.05 94.34+0.02 95.82+0.04
Washington DC AA 96.97+0.04 89.63+0.02 90.55+0.12 92.24+0.09 93.06+0.03 94.82+0.05 95.90+0.05
Kappa 96.00+0.03 88.02+0.03 89.41+0.10 91.55+0.10 92.42+0.06 92.97+0.03 94.81+0.07
OA 92.46+0.05 83.46+0.07 86.11+0.29 89.64+0.01 89.44+0.10 90.52+0.13 91.45+0.05
Salinas AA 96.10+0.05 83.17+0.06 86.21+0.25 88.79+0.02 91.45+0.08 94.04+0.09 95.44+0.04
Kappa 90.41+0.03 83.05+0.08 85.79+0.31 87.12+0.01 90.33+0.11 89.35+0.15 90.15+0.05
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Fig. 10 Indian Pines image classification results obtained by different methods
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Fig. 11  Washington DC image classification results obtained by different methods
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Fig. 12 Salinas image classification results obtained by different methods

F4 3THEELEBI0MRERRNEHEXREY
Table 4 Average correlation coefficient of 10

representative bands selected on three datasets

e Indian Pines ~ Washington DC Salinas
(ACC) (ACC) (ACC)

MVPCA 0.5950 0.7971 0.8050
LCMVBCM 0.8482 0.8076 0.7906
WaluDI 0.5766 0.5854 0.5872
FDPC 0.4794 0.5111 0.4625
ASPS_MN 0.3212 0.4740 0.2652
PIENL 0.3525 0.4651 0.2334
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Fig. 13 OA for selecting different numbers of bands on datasets containing noise bands
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Table 5 Classification accuracy of 10 representative bands selected on datasets containing noise bands

1%
Ve S Iy All bands MVPCA LCMVBCM WaluDI FDPC ASPS_MN PIENL
OA 73.08+0.11 64.02+0.20 65.25+0.28 66.13+0.15 68.77+0.27 69.06+0.32 75.62+0.15
Indian Pines AA 72.67+0.12 63.70+0.21 65.09+0.24 65.62+0.16 66.28+0.25 66.10+0.30 74.71+0.13
Kappa 69.29+0.09 63.23+0.18 64.14+0.27 65.11£0.15 65.32+0.25 65.22+0.36 72.24+0.15
OA 92.78+0.06 87.40+0.14 89.25+0.12 90.32+0.09 92.15+0.15 93.31+0.10 95.03+0.07
Washington DC AA 93.95+0.07 87.26+0.15 88.53+0.15 90.24+0.10 92.06+0.18 93.64+0.09 95.56+0.06
Kappa 91.00+0.05 86.00+0.15 87.41+0.14 88.05+0.12 90.42+0.16 91.59+0.12 93.81+0.04
OA 91.65+0.13 84.21+0.09 84.79+0.15 87.27+0.07 88.31+0.13 88.51+0.20 91.36+0.03
Salinas AA 95.55+0.15 83.42+0.07 85.21+0.20 88.33+0.09 90.12+0.15 92.95+0.18 95.79+0.04
Kappa 90.62+0.13 84.11+0.09 84.39+0.15 87.06+0.07 89.60+0.15 87.11+0.23 90.29+0.03
T MR O B
%6 A [E7F %7 Indian Pines #2155 FIEENH 10N RIS ERESER
Table 6 Noise bands in 10 bands selected by different methods on the Indian Pines dataset
WIS 10D B
MVPCA 20 21 22 23 24 25 26 27 29 39
LCMVBCM 119 123 130 153 159 160 171 174 185 196
WaluDI 3 21 46 54 82 105 141 162 174 200
FDPC 8 50 67 77 108 123 133 136 147 219
ASPS_MN 28 45 58 92 114 117 159 169 199 219
PIENL 29 49 75 90 114 125 134 178 184 203
T LA W B
345 itERESH ASPS_MN %5 HAb e Be kB J5vk o {H MVPCA J5 i it

% 8 I T 1 Indian Pines $H3 45 F Rl EIICRIERBIIERIZEAT (K9, %3, 1413
U B Y B U7 P 4N BB 10, 20, 30, 4o, S0 M S) T PIENL TR0 fUAe Tz B a5 A
60 1MW BE (b Ryt EmI, wpig s, DCEERITA SRR
PIENL J5 iKY TFSE B T AT MVPCA ik, (T
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Table 7 Noise bands in 10 bands selected by different methods on the Salinas dataset

itk 10 R DB
MVPCA 23 24 25 26 27 28 29 30 32 42
LCMVBCM 106 110 128 129 145 159 172 176 197 202
WaluDI 8 15 25 32 45 58 93 124 165 183
FDPC 7 11 20 31 32 55 109 126 136 184
ASPS_MN 13 44 67 106 109 151 156 197 200 222
PIENL 30 52 60 73 113 124 153 179 192 204

T MR I B

%8 7£Indian Pines ##E& F{EAARREK RIEZEF XM
THE A i
Table 8 Computing times of different band selection

methods used on the Indian Pines dataset

v ik B PR )/
Bt MVPCA LCMVBCM FDPC ASPS_MN  PIENL
k=10 0.091 2914 2.672 0.741 0.688
k=20 0.091 2.920 2.679 0.805 0.723
k=30 0.095 2.926 2.702 0.864 0.695
k=40 0.096 2.935 2.703 0.946 0.705
k=50 0.097 2.937 2.711 0.963 0.703
k=60 0.102 2.939 2.714 0.813 0.697
3.4.6 HEAKE

PIENL J5 77 Wang % (2019) 25 ASPS_MN

D7 iR Al AT P k. — R TR
HhAH DG R E A 35 N 2 Ay vk s TRAR
FE {5 B 5 W P AOF 0 B & I, R 97
3RS LAl s T AR SCHR Y [ 38 B T2 (]
=9

X153 75 12 R i B A e A 24k . AR 9 rh iy ]
VAT i, ASPS_MN Jy ik £E 25 BRI 7 E 7 B 18
iE Indian Pines ZU484E |, SRR SCHE Y 1Y 25 (6]
X535 SRS FE R i 1 2% A, TER K BRI
75 ()% B Indian Pines BR4E 3R T 3% 247, iX
I T A SCHR Y 3 ) R 43 O 1% R A% ok o i
S 1) R P I B Bt R o3 i — > 125 [E], 7E Salinas
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b, RS T A SR H 143 (1R 43 J7 vk B A R A
WA, ASPS_MN J7 ik 7E AR 2 BRI 75 P Be iy 34
Bl A AT TIAS SCHR 1 P B R MED , B
FEREE T 2% oAy, WESE T A SCERE I IR B
$05 5 W P KPR 45 G 1) D B 2R DU AL T B
FHMGE 75 7K R0 i B8 2R ME DN o o 2 T B IR b AH O
FE 25 [ R 53 07 vk K Bed R ME U A 255 1)
PIENL J7 VA AEAR BRI 75 I Be 1Y Indian Pines £4i 4
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DCEHEAE b Y SE 8 n] DIAS B2 E5 8

I B AEHIRE LR 10K RAHRSIE

Table 9 Ablation experiments with 10 bands selected on three hyperspectral datasets

1%
FLBRIR A I B A 1 E R A R FE BRI A I B AR AR
itk G ai
ASPS_MN  ASPS_MN' ASPS_MN’ PIENL ASPS_MN  ASPS_MN'  ASPS_MN’ PIENL
OA 74.72+0.29  76.76£0.17  75.61+0.09  77.81+0.14  69.06+0.32  72.15+0.27  71.60+0.18  75.62+0.15
Indian Pines AA 72.18+0.15  73.69+0.16 73.01+0.10 75.44+0.12  66.10+0.30  68.78+0.23  69.17+0.20  74.71+0.13
Kappa 71.33+0.36  73.51+0.14  72.34+0.10 74.71+0.17  65.22+0.36  68.37+0.25 67.64+0.19  72.24+0.15
OA 94.34+0.02  94.93+0.05 95.03+0.06  95.82+0.04 93.31+0.10  94.28+0.11  95.02+0.09  95.03+0.07
Washington DC AA 94.82+0.05 95.56+0.05 95.48+0.07 95.90+0.05 93.64+0.09 94.79+0.08 95.31+0.10  95.56+0.06
Kappa 92.97+0.03  93.68+0.04 93.81+0.06 94.81+0.07 91.59+0.12 92.88+0.10 93.80+0.09  93.81+0.04
OA 90.52+0.13  90.67+0.12  90.95+0.09 91.45+0.05 88.51+0.20 89.45+0.15 90.34+0.11  91.36+0.03
Salinas AA 94.04+0.09  94.25+0.10 94.45+0.07 95.44+0.04 92.95+0.18 93.81+0.17 94.59+0.09  95.79+0.04
Kappa 89.35+0.15  89.40+0.13  89.46+0.09 90.15+0.05 87.11+0.23  88.15+0.15 89.15+0.09  90.29+0.03

T : ASPS_MN N5 ik AR B, ASPS_MN' /5K ASPS_MN H1 1) 43 X 5 1 e 48 Ry A SCHE H 1 43 IX i, ASPS_MIN® #7506 ASPS_MN Hi 1) 8 B8

FRENH N AR SCHR H A B 2R N
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Noise robust band selection method for hyperspectral images

LU Yan,REN Yue,CUI Binge

College of Computer Science and Engineering, Shandong University of Science and Technology, Qingdao 266590, China

Abstract: Most proposed hyperspectral image band selection methods only consider the problem of band information redundancy and
ignore the noise level of the selected bands. Accordingly, the representative band subset may contain high-noise bands, which is not
conducive to subsequent semantic segmentation, image classification, and other applications. In response to this problem, this work proposes
a noise-robust band selection method based on Pearson correlation coefficient, Information Entropy and Noise Level, referred to as PIENL.
In the proposed PIENL method, the Pearson correlation coefficient is first used to calculate the correlation between the bands, and the
band correlation matrix is constructed. Then, the spectral bands of the hyperspectral image are divided into several subspaces of the same
size, and an optimal subspace division objective function adapted to the Pearson correlation coefficient is constructed to adjust the division
points of the subspace. Finally, a new band information measurement criterion is proposed, which observes the band information entropy
and noise level at the same time and uses the noise level as a penalty item in the objective function of the optimization problem. According
to this criterion, the spectral band with high information entropy and low noise level in each subspace is selected as the representative band.
Experiments were conducted on three public hyperspectral datasets of Indian Pines, Salinas, and Washington DC. Different band
selection methods are evaluated using the average correlation degree of bands, classification accuracy, and the noise robustness. The
experimental results show that this proposed PIENL method demonstrated outstanding band selection performance in terms of class
separability, average correlation of representative bands, and noise robustness compared with the other advanced band selection methods.
The PIENL method has strong robustness to noise and has achieved significant results on hyperspectral datasets containing noise bands.
We can conclude that: (1) The similarity measurement method based on the Pearson correlation coefficient is more suitable for measuring
the spectral difference between the noisy hyperspectral image bands compared with Euclidean distance; (2) Considering both information
entropy and noise level to measure band information is helpful to select representative bands of hyperspectral image; (3) The representative
bands selected by PIENL have better class separability. Compared with other advanced band selection methods, the overall accuracy of
PIENL method is improved by 3%—13%, 1.5%—6.0% and 1%—6% respectively on the three datasets with high-noise bands removed. The
overall accuracy is improved by 6%—11%, 2%—8% and 3% —7% respectively on the three datasets containing high-noise bands. This also
shows that PIENL has better performance on hyperspectral images that contain high-noise bands.
Key words: hyperspectral, band selection, noise robustness, subspace partition, search criteria
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