W52k 422 JesE R TR Vol.32 No.22
2024 4E 11 f Optics and Precision Engineering Nov. 2024

XEHES 1004-924X(2024)22-3348-18

ATEtEEGBRENTSEEMNERZEER
X % 457

Bl BEXEY, FhkkT, 8 # BEX]
(1. FREAZ HENRFEIEFK,TE /) 750021;
2 MR IMBAF B FIA%R,EH BL 71007

FEE X 22 2 A U P 43 % S e 70 43 R e Ol 3 3 R AR 09 28 R] -G 35 RRAE , DA R 8 G 1% TR A5 v 3 3l 47 75 1) W% 75 ]
AR SCHR Y — OB Y 43 18] - T IR A 57 22 )2 4R R PR O A R AR ST . O R A s 1A R R B A O BR
I 25 (AR AR 23 (AN o oy, (ff FH R 45 3 40 B0 vk b e i R b AT AR R or 0, O 3 50 AR 38 2 80 i A DL, 4 )
KMEANS+ + 80 AR R AT RIS G BAR R AT AR R RAR U, DU A g OB A T 8 28 A A
AL Rl G 2 1Y S DGR A ] T 3R AE G R 0 2SR5 o 285, ] SUnSAL Bk THE i b Fe 1
FCEE, AT DL AT 005 AR W 75 o A TR R A S 0 o RS 8 A L Y RO A TR (0 3 00 R R R AT A TR, AR TR Y fie VR
fiE o 5 TUR A TR AR 0 S0 B 5 R AT X L, BT AR SR AE B MUEUIE R TS T AR Y S 0G0 A I R O AR 25 Y O i
I, 7€ Jasper Ridge #l Cuprite P4~ B30 4R 45 1B HUAS RAF M MRIR 25 3 0 FrdR B e 25 A 8R4 b o oo il 11 iR 22 %
IR 1. 49%6~4. 68% , F AL TR 2R 1. 83%~4. 18%

* & W.EHLEBRGEMR; S EERERS M, TN ERE B ARY R

fE4SFEE . TP394. 1; TH691. 9 XHEkFRIZAD: A doi: 10. 37188/OPE. 20243222. 3348

Spatial-spectral reweighted sparse multi-layer nonnegative

matrix factorization for hyperspectral image unmixing

TANG Jiming', BAO Wenxing' ', LEI Bingbing'", FENG Wei’, QU Kewen'

(1. School of Computer Science and Engineering, North Minzu University, Yinchuan 750021, China;
2. School of Electronic Engineering, Xidian University, Xi'an 710071, China)
* Corresponding author, E-mail: bwx71@163. com;x_generation@126. com

Abstract: Multilayer non-negative matrix factorization (MLNMF) can not fully use the spatial-spectral
features of hyperspectral remote sensing images, and the ubiquitous noise in hyperspectral images. To
solve the problem, this paper proposed a new spatial-spectral reweighted sparse MNMF unmixing algo-
rithm. Firstly, the subspace clustering algorithm was used to construct spatial weights according to the
spatial characteristics of hyperspectral images. Secondly, the superpixel segmentation algorithm was used

to segment the hyperspectral image, and the similarity between superpixels was calculated. The
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KMEANS—+ + algorithm was used to cluster the superpixels, and then the pixel-level similarity was calcu-
lated in the superpixel to construct the spectral weight. The spatial weight and spectral weight were fused,
and the fused spatial-spectral weight was used to characterize the spatial-spectral information of the hyper-
spectral image. Then, the SUnSAL algorithm was used to calculate the sparse noise reduction weight,
which can effectively reduce the influence of noise on the unmixing performance. Finally, the norm was
used to constrain the endmembers and abundance of the model to improve the unmixing performance of the
model. Compared with the experimental results of five unmixing algorithms, the mean Spectral Angle Dis-
tance and Root Mean Square Error of the proposed algorithm on the synthetic dataset were optimal. It also
achieves good unmixing results on two real datasets Jasper Ridge and Cuprite. The endmember estimation
error of the proposed algorithm is reduced by 1.49% to 4. 68% , and the abundance estimation error is re-
duced by 1.83% to 4. 18% on each dataset.

Key words: hyperspectral unmixing; multilevel nonnegative matrix factorization; spatial-spectral weight;

noise reduction; sparsity constraint
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Tab.1 mSAD comparison of different algorithms under different noise levels (synthetic dataset)

SNR/H % VCA L1-NMF MLNMF DMF Pro-BM3D Proposed
SNR=10dB 0.2512 0.118 5 0.105 4 0.226 9 0.036 5 0.0413
SNR=20 dB 0.207 6 0.070 1 0.068 5 0.207 3 0.0414 0.0399
SNR=30dB 0.1839 0.064 8 0.064 3 0.126 4 0.040 5 0.0387
SNR=40 dB 0.119 3 0.050 5 0.059 3 0.106 6 0.0361 0.0358

F2 FRMBREAFTENEENRMSEBELR(SREIEE)

Tab.2 RMSE comparison of different algorithms under different noise levels (synthetic dataset)

SNR/% % VCA L1-NMF MLNMF DMF Pro-BM3D Proposed
SNR=10dB 0.1379 01421 0.0579 0.1421 0.060 2 0.0539
SNR=20dB 0.093 8 0.107 4 0.0559 0.1219 0.049 8 0.047 2
SNR=30dB 0.1058 0.096 5 0.048 2 0.101 5 0.046 4 0.0451
SNR=40 dB 0.102 8 0.082 4 0.046 4 0.081 5 0.047 2 0.0437

4.2.2 ABHEEE Ao AR [ A, o B AN TR A EE B9 AT S0

9‘4:
A 5288 il 0 1 AR G2 2 ) AAE 0RE [ O fig A

Mo (31) b 1% 5 2 2 Ak 608 B 23 i (MILN-
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Fig. 2 Experimental results of different models dealing with synthetic datasets
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Tab.3 Optimal structural parameters of the model (syn-

thetic dataset)

EH B2 R mSAD
5 1000 0.076 9
5 800 0.060 2
10 1000 0.029 1
10 800 0.0512
15 800 0.048 7
15 500 0.057 1

T 55 HC Al X B 1 B S 56 45 2R 68 e v ar LA
KB, PRI LT A A o R
(/208
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Tab.4 Performance of different algorithms on synthetic dataset

VCA LI-NMF MLNMF DMF Pro-BM3D Proposed

Almandine 0.2534 0.2649 0.034 4 0.170 4 0.0320 0.0171
Ammonio 0.5837 0.3336 0.037 3 0.0518 0.016 3 0.0190
Antigorite 0.1537 0.1308 0.104 8 0.200 2 0.038 3 0.0258
Axinite 0.6391 0.1229 0.1237 0.176 9 0.046 0 0.061 3
Biotite 0.1919 0.2759 0.1132 0.289 8 0.060 4 0.0258
Carnallite 0.349 3 0.397 6 0.027 8 0.139 3 0.023 3 0.0254
mSAD 0.3619 0.254 2 0.0735 0.1714 0.0361 0.0291
mRMSE 0.087 8 0.086 7 0.064 1 0.0415 0.059 6 0.0381
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Fig.3 Firstrow (a) shows the true abundance and the second row (b) shows the abundance obtained by the model
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Fig. 4 Comparison of the estimated endmember curves with the true endmember curves for the synthetic dataset
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x5 HARELEMSH (Jasper Ridge HIEE)
Tab.5 Optimal structural parameters of the model (Jas-

per Ridge dataset)

= 1 J2 AR AL mSAD
40 600 0.083 1
40 800 0.088 2
50 600 0.0516
50 800 0.056 4
60 600 0.066 9
60 800 0.087 3

(a) HEFE

(a) True abundance
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Al T 1) 3t G 5 AR X R 1 2 5 ik G AR W) A
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(b) Abundance obtained by the model
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Fig.5 Comparison between the abundance obtained by the model and the true abundance
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Tab.6 Performance of different algorithms on the Jasper Ridge dataset
VCA L1-NMF MLNMF DMF Pro-BM3D Proposed
Tree 0.1979 0.1056 0.190 3 0.0507 0.053 2 0.047 1
Water 0.4455 0.196 4 0.150 0 0.1391 0.1035 0.106 8
Dirt 0.2791 0.3621 0.2387 0.206 0 0.0256 0.030 2
Road 0.2656 0.402 9 0.196 6 0.116 5 0.0311 0.0224
mSAD 0.2970 0.2667 0.1939 0.128 1 0.053 4 0.0516
mRMSE 0.1979 0.1056 0.090 3 0.0507 0.053 2 0.046 3
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Fig. 6 Comparison of the true endmember curves with the reference endmember curve
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®7 REFELENSH(Cuprite HIEE)
Tab.7 Optimal structural parameters of the model (Cu-

prite dataset)

= 1 2 % AR EL mSAD
15 1000 0.1428
15 1500 0.1537
20 1 000 0.144 0
20 1500 0.1455
25 1000 0.1386
25 1500 0.1109

7 SSRS-MLNMF 75 % % s 5 EAF 2 i F A .
P 8l SSRS-MLNMF 7iiZ %4k £ 145 2 /4 3w oo
it 2k 5 5 980w T ith 4 B9 X 1L .

M8 Al LI AR 7 A 4 A4 550k 7E Ka-
olinite _1, Muscovite, Pyrope, Sphene fll Chalcedo-
ny 09 IR kB R AR A .l kXS HE SAD A
RMSE (9-F- 2548, AT U T $ 55 32 B A 00 vy 1 v
PE B R UL, 25 8] - 1 A [ R A
L IV 0 i TR AT A RRUR 8 52 Wi el 7 iy B2 5300k 3R R
B IR PERE

=8 F Cuprite H{IFE E A E XA R

Tab.8 Performance of different algorithms on the Cuprite dataset

VCA LINMF MLNMF DMF Pro-BM3D Proposed

#1 Alunite 1.1410 0.0525 0.1126 1.078 0..1865 0.177 4
#2 Andradite 0.126 7 0.0758 0.0876 0.086 6 0.154 3 0.0811
#3 Buddingtonite 0.1998 0.0781 0.1345 0.1437 0.107 6 0.1755
#4 Dumortierite 0.2779 0.083 4 0.1157 0.9511 0.1171 0.133 3
#5 Kaolinite 1 0.158 5 0.0837 0.0853 0.1157 0.091 4 0.0820
#6 Kaolinite 2 0.1011 0.094 3 0.058 1 0.068 9 0.224 8 0.1495
£#7 Muscovite 0.174 8 0.102 1 1.363 6 1.003 5 0.094 0 0.024 6
#8 Montmorillonite 0.108 5 0.102 3 0.0724 0.0579 0.080 0 0.1302
#9 Nontronite 0.1312 0.1121 0.1906 0.092 8 0.169 8 0.1114
#10 Pyrope 0.1412 0.146 2 0.089 6 0.1129 0.1108 0.089 3
#11Sphene 0.264 2 0.146 9 0.1647 0.1014 0.157 8 0.0756
#12Chalcedony 0.1339 0.174 0 0.136 1.017 6 0.1615 0.1017
mSAD 0.246 6 0.116 4 0.2176 0.402 5 0.1380 0.1109
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Fig.7 Abundance map obtained by the model (From top to bottom, the first row: Alunite, Pyrope, Muscovite, Andra-
dite . The second row: Dumortierite, Montmorillonite, Sphene, Kaolinite_2 . The third row: Nontronite, Chal-

cedony, Buddingtonite, Kaolinite 1)
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Fig.8 Comparison of the true endmember curves with the reference endmember curve (From left to right, from top to bot-

tom, the first row of subgraphs are: Alunite, Andradite, Buddingtonite, Dumortierite. The second row of sub-
graphs are: Kaolinite 1, Kaolinite 2, Muscovite, Montmorillonite. The third row of subgraphs are: Nontronite,

Pyrope, Sphene, Chalcedony. )
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Tab.9 Sum the time taken by each algorithm to process different datasets (s)
VCA LINMF MLNMF DMF Pro-BM3D Proposed
Synthetic dataset 0.8 4.2 13.6 8.6 20.3 13.6
Samson 1.2 20. 4 51.3 10. 4 140.7 102. 6
Jasper Ridge 1.9 18.3 55.4 15.2 162.7 143.6
Urban 2.3 23.8 67.2 18.9 1258.8 984.6
Cuprite 4.9 28.2 77.3 25.8 2189.2 1612.4

5 % &

A S 4R A SSRS-MLNMEF #8551 7 fin A
23 (8] -5 1% A H [ DA 3 40 A T e D S R Y =S
] -6 REAE . e Ah R A R 15 2 4 B R Ay
1R O T A TR BT DX, R R W R O IR, O DA
Vb T B o M AN R R B DA B TR R Y i TR

S E WK

[1] WEIJJ, WANG X F. An overview on linear un-
mixing of hyperspectral data [J]. Mathematical
Problems in Engineering, 2020, 2020: 3735403.

[2] KHAN M J, KHAN H S, YOUSAF A, et al.
Modern trends in hyperspectral image analysis: a re-
view[J]. IEEE Access, 2018, 6: 14118-14129.

[3] PU R L. Mapping tree species using advanced re-
mote sensing technologies: a state-of-the-art review
and perspective [J]. Jowrnal of Remote Sensing,
2021, 2021: 9812624.

[4] HUETE A R, MIURA T, GAO X. Land cover
conversion and degradation analyses through coupled
soil-plant biophysical parameters derived from hyper-
spectral EO-1 Hyperion[J]. IEEE Transactions on
Geoscience and Remote Sensing, 2003, 41 (6) :
1268-1276.

[5] GENDRIN C, ROGGO Y, COLLET C. Pharma-
ceutical applications of vibrational chemical imaging

and chemometrics: a review[J]. Jowrnal of Pharma-

156 BUEHE B & B8 4 ik T — R,
AHAE T XF BB %, SSRS-MLNMF & ¥k 78 44 5
e b0 e iR Z PR 1. 49 % ~4. 68% , E iR
25 PG 1.83%~4.18%, 1l H 78 £ # 3 &
SSRS-MLNMF B i 0 i 184G B 35 08 T H A %
oAk, S 25 S Al vT DL S UF SSRS-MLNMF &
A RCE AT AT

ceutical and Biomedical Analysis, 2008, 48 (3) :
533-553.

[6] HE W, ZHANG H Y, ZHANG L P. Sparsity-reg-
ularized robust non-negative matrix factorization for
hyperspectral unmixing[J]. IEEE Journal of Select-
ed Topics in Applied Earth Observations and Re-
mote Sensing, 2016, 9(9) : 4267-4279.

[7] GOETZ A F, VANE G, SOLOMON J E, e al.
Imaging spectrometry for Earth remote sensing[J].
Science, 1985, 228(4704): 1147-1153.

[8] GHAMISIP, YOKOYA N, L1J, et al. Advances
in hyperspectral image and signal processing: a com-
prehensive overview of the state of the art[J]. IEEE
Geoscience and Remote Sensing Magazine, 2017, 5
(4): 37-78.

[9] BIOUCAS-DIAS J M, PLAZA A. An overview
on hyperspectral unmixing: geometrical, statistical,
and sparse regression based approaches [C]. 2011
IEEE International Geoscience and Remote Sensing
Symposium.  Vancouver, BC, Canada. 1EEE,
2011: 1135-1138.



3364 e K TR %532 %
[10] BEKIT A, CHANG C I, LAMPE B, e al. N- ing cascaded autoencoders[J]. IEEE Transactions

[11]

[12]

[13]

[16]

[17]

[18]

[19]

FINDER for finding endmembers in compressively
sensed band domain [J]. IEEE Transactions on
Geoscience and Remote Sensing, 2020, 58 (2) :
1087-1101.

WINTER M E. Comparison of approaches for de-
termining end-members in hyperspectral data[C].
2000 IEEE Aerospace Conference.
(Cat. No. 00TH8484). Big Sky, MT, USA.
IEEE, 2000: 305-313.

L1J, AGATHOS A, ZAHARIE D, et al. Mini~

mum volume simplex analysis: a fast algorithm for

Proceedings

linear hyperspectral unmixing [J]. IEEE Transac-
tions on Geoscience and Remote Sensing, 2015, 53
(9): 5067-5082.

BIOUCAS-DIAS J M. A variable splitting aug-
mented lagrangian approach to linear spectral un-
mixing [C]. 2009 First Workshop on Hyperspec-
tral Image and Signal Processing: Evolution in Re-
mote Sensing. Grenoble, France. 1EEE, 2009:
1-4.

SHI Z W, TANG W, DUREN Z N, et al. Sub-
space matching pursuit for sparse unmixing of hy-
perspectral data[ J]. IEEE Transactions on Geosci-
ence and Remote Sensing, 2014, 52 (6) : 3256-
3274.

WANG R, LTH C, PIZURICA A, et al. Hyper-
spectral unmixing using double reweighted sparse
regression and total variation[J]. IEEE Geoscience
and Remote Sensing Letters, 2017, 14(7) : 1146-
1150.

ZHANG S Q, L1J, LIH C, et al. Spectral - spa-
tial weighted sparse regression for hyperspectral im-
age unmixing [J]. IEEE Transactions on Geosci-
ence and Remote Sensing, 2018, 56 (6) : 3265-
3276.

BHATT J S, JOSHI M V. Deep learning in hy-
perspectral unmixing: IGARSS
2020 - 2020 IEEE International Geoscience and Re-
Waikoloa, HI, USA.

a review [C].

mote Sensing Symposium.
1IEEE, 2020: 2189-2192.
JINQW, MAY, FANF, et al. Adversarial au-
toencoder network for hyperspectral unmixing [J].
IEEE  Transactions and
Learning Systems, 2023, 34(8) : 4555-4569.

GAO L R, HAN Z, HONG D F, et al. CyCU-

net: cycle-consistency unmixing network by learn-

on Neural Networks

[20]

[21]

[22]

[23]

[26]

[27]

[28]

[29]

on Geoscience and Remote Sensing, 2022, 60:
5503914.

JIA'S, QIAN Y T. Spectral and spatial complexi-
ty-based hyperspectral unmixing[J]. IEEE Trans-
actions on Geoscience and Remote Sensing, 2007,
45(12): 3867-3879.

WANG W H, QIANY T, TANG Y Y. Hyper-
graph-regularized sparse NMF for hyperspectral un-
mixing[J]. IEEE Journal of Selected Topics in Ap-
plied Earth Observations and Remote Sensing,
2016, 9(2): 681-694.

FENG X R, LI H C, L11J, et al. Hyperspectral
unmixing using sparsity-constrained deep nonnega-
tive matrix factorization with total variation [J].
IEEE  Transactions
Sensing, 2018, 56(10) : 6245-6257.

CHANG C I, DU Q. Estimation of number of

spectrally distinct signal sources in hyperspectral

on Geoscience and Remote

imagery[J]. IEEE Transactions on Geoscience and
Remote Sensing, 2004, 42(3): 608-619.

LEE D D, SEUNG H S. Learning the parts of ob-
jects by non-negative matrix factorization [J]. Na-
ture, 1999, 401: 788-791.

QIAN Y T, JIA' S, ZHOU J, et al. Hyperspec-
tral unmixing via $1.,,,$ sparsity-constrained non-
negative matrix factorization [J]. IEEE Transac-
tions on Geoscience and Remote Sensing, 2011, 49
(11): 4282-4297.

RAJABI R, GHASSEMIAN H. Spectral unmix-
ing of hyperspectral imagery using multilayer NMF
[J]. IEEE Geoscience and Remote Sensing Let-
ters, 2015, 12(1): 38-42.

RAJABI R, GHASSEMIAN H. Multilayer struc-
tured nmf for spectral unmixing of hyperspectral im-
ages[C1. 2014 6k Workshop on Hyperspectral Im-
age and Signal Processing: Evolution in Remote
Sensing (WHISPERS). Lausanne, Switzerland.
IEEE, 2014: 1-4.

DONG L, YUAN Y, LUXS X. Spectral-spatial
joint sparse NMF for hyperspectral unmixing [J].
IEEE Transactions
Sensing, 2021, 59(3) : 2391-2402.

WANG R, LT H C, LIAO W Z, et al. Double
Reweighted Sparse Regression for Hyperspectral
Unmixing [C]. 2016 IEEE International Geosci-
ence and Remote Sensing Symposium (IGARSS).

on Geoscience and Remote



% 22

AR, 25 T O 1 RS R B0 2 % EN ARG i 22 V2= A B0 R O3 i

3365

[30]

[32]

[33]

&R

Beijing, China. 1IEEE, 2016: 6986-6989.

YANG L S, PENG J H, SUH W, et al. Com-
bined nonlocal spatial information and spatial group
sparsity in NMF for hyperspectral unmixing [J].
IEEE Geoscience and Remote Sensing Letters,
2020, 17(10): 1767-1771.

LV X C, WANG W H, LIU H F. Cluster-wise
weighted NMF for hyperspectral images unmixing
with imbalanced data[J]. Remote Sensing, 2021,
13(2): 268.

DENG C Z, CHEN Y G, ZHANG S Q, et al.
Robust dual spatial weighted sparse unmixing for
remotely sensed hyperspectral imagery[J]. Remote
Sensing, 2023, 15(16) : 4056.

IORDACHE M D, BIOUCAS-DIAS J M, PLA-
7ZA A. Sparse unmixing of hyperspectral data[J].
IEEE Transactions on Geoscience and Remote
Sensing, 2011, 49(6) : 2014-2039.

PENG J T, SUN W W, LT H C, et al. Low-
Rank and Sparse Representation for Hyperspectral
Image Processing: a review [J]. IEEE Geoscience
and Remote Sensing Magazine, 2022, 10 (1) :
10-43.

HEINZ D C, CHEIN-I-CHANG.

strained least squares linear spectral mixture analy-

Fully con-

I
B4R AR (1996—), 5 VLo A, il
TR A, 2020 Bk T e o TR A B
B TG, 3R T g2y, &
N G IR A 1R T 43 i 5 T F
%% . E-mail: tangjm _1t@163. com

&

WX E971—), B, TERIA,H
B AL S0, 1993 4R 3K 7 %
B R % Tl A g b Lk 2 L2,
2001 4F AR P L LR FHR T RE
Al A5 L 2 A, 2006 4R 3R P4 22 A2 08 K
PR SRR Ll W 2,
A T % AR Ak BRI ASE =R ) T T Y
5% . E-mail:bwx71@163. com

[36]

[37]

[38]

[39]

[40]

sis method for material quantification in hyperspec-
tral imagery [J]. IEEE Transactions on Geoscience
and Remote Sensing, 2001, 39(3): 529-545.
NASCIMENTO J M P, DIAS J M B. Vertex
component analysis: a fast algorithm to unmix hy-
perspectral data[J]. IEEE Transactions on Geosci-
ence and Remote Sensing , 2005, 43(4): 898-910.
ZHU F. Spectral unmixing datasets with ground
truths[ EB/OL]. 2017: arXiv:1708. 05125.

GUO Z H, WITTMAN T, OSHER S. L1 un-
mixing and its application to hyperspectral image
SPIE  Proceedings”, "Algo-
rithms and Technologies for Multispectral, Hyper-

enhancement [C].

spectral, and Ultraspectral Imagery XV. Orlan-
do, Florida, USA. SPIE, 2009.

DE HANDSCHUTTER P, GILLIS N,
SIEBERT X. Deep matrix factorizations [EB/
OL]. 2020: arXiv: 2010.00380. http://arxiv.
org/abs/2010. 00380

WANG X H, ZHAO M, CHEN J. Hyperspectral
unmixing via plug-and-play priors[C]. 2020 IEEE
International Conference
(ICIP). Abu Dhabi,
IEEE, 2020: 1063-1067.

on Image Processing

United Arab Emirates.

BIHAES:

Eokk (1985—) , B W i B, F
Ui, BfF 5 A5 30, 2008 4 Kb 5 R R
ZENHAE TR Ll 2 124, 2011 4R 3K
A6 7 B KA T SEHL AR &l
20, 2015 4F 3 AR AR R A 4 o G
HEG TR A, FENE
i AR G B AR A S
i B 5% o E-mail: x_generation@126.

com



