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Deep nonnegative matrix factorization with dual-factor

hierarchical constraints for hyperspectral unmixing
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(School of Computer Science and Engineering, North Minzu University, Yinchuan 750021, China)

Abstract: Hyperspectral unmixing (HU) is a key technology for addressing mixed pixels and characterizing
land cover components. Although deep non-negative matrix factorization (DNMF) has shown excellent
performance in HU, existing methods mostly focus on abundance modeling and neglect the multi-level
feature extraction of endmembers, as well as their insufficient nonlinear representation capabilities, which
limit the unmixing accuracy. To address these issues, this paper proposes a deep NMF framework for
endmember hierarchical analysis, introducing inter-layer orthogonality constraints for endmember subspaces

and dynamic sparse regularization for abundance refinement. Firstly, multi-level endmember decomposition
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is employed to enhance the nonlinear spectral feature representation. Secondly, a minimum distance
guided subspace orthogonality mechanism is designed to improve the separability of endmembers, and it is
coordinated with a dynamic weighted sparsity strategy to enhance the spatial consistency of abundance
estimation. Finally, a two-stage hierarchical optimization algorithm is constructed, with pre-training for
coarse initialization and cross-layer backpropagation for fine-tuning as the core. Experiments were
conducted on two synthetic datasets and four real datasets. The results show that the SAD of the proposed
method ranges from 0. 004 2 to 0.078 2 and the RMSE ranges from 0. 014 0 to 0.092 5 under different
signal-to-noise ratios, outperforming the comparison methods by 1.42% to 5.64% and 1.87% to 6.48%
respectively, verifying its accuracy and robustness.

Key words: hyperspectral unmixing; deep nonnegative matrix factorization; endmember discrimination;

orthogonality constraints; hierarchical sparsity regularization
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Tab.1 Comparison of SAD values of each algorithm at different noise levels (SC1)
SDNMF-TV  HGNMF-FS DAAN Proposed

SNR  VCA-FCLS L1/2-NMF MV-NTF-TV ~MLNMF

10 0.159 1 0.100 2 0.1335 0.149 2 0.1510 0.147 4 0.1156 0.0736
20 0.069 8 0.069 2 0. 080 6 0.049 6 0.063 8 0.043 3 0.0447 0.039 2
30 0.066 0 0.039 5 0.0539 0.0437 0.042 8 0.0305 0.0278 0.0258
40 0.059 4 0.037 8 0.030 4 0.0311 0.030 1 0.029 2 0.0256 0.0154
IR R R RUE
F2 AREBEEFEAETENEZERNRMSE EEEE(SC1)
Tab.2 Comparison of RMSE values of each algorithm at different noise levels (SC1)

SNR VCA-FCLS L1/2-NMF MV-NTF-TV MLNMF SDNMF-TV HGNMF-FS DAAN Proposed
10 0.1368 0.1199 0.102 8 0.1198 0.1319 0.126 3 0.1230 0.0882
20 0.056 4 0.050 8 0.077 3 0.0558 0.0489 0.054 5 0.0547 0.0421
30 0.048 5 0.0429 0.056 6 0.0409 0.0347 0.034 4 0.0423 0.0323
40 0.047 2 0.033 6 0.0329 0.0319 0.0310 0.032 2 0.0334 0.0253

TE R RO AR R AU

L A CAN R 3 G B IE ) < AR S 36 A [ 5 T g i TR A M N AR . AR A

SNR H 30 dB BISAF R 34 T AR s oo (5~
10) P& IR T ERE R I . WA 4 R L5
NMF J7 s 76 St o0 B0 38 in ik g . 2% F B, 0

H A S T T B2 A G i D7 YA TR A% S T RO T
HIRFERE . SAD 5 RMSE $8 bR ¥ T HAth %,
JEFAE v o S vh R B S R A TR AR T
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Tab.3 Average time of different comparison algorithms

on the simulated dataset SC1

Tk IFa] /s Tk ] /s
VCA-FCLS 1.9274 SDNMF-TV  67.1775
L1/2-NMF 15.4887 | HGNMF-FS  20.517 6

MV-NTF-TV 133.892 4 DAAN 240.2350
MLNMF 17.513 5 Proposed 13.992 8

T R R R AL E

S8 SO [E] R /IN 3 A ) < AR SE 96 VA 1 e
P& VR R MG R 728 A ) US| A BLEHE R /I
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Fig.4 Performance comparison of algorithms with different number of endmembers

x4 AEEBEGRXNTEHEZEZRHSADEIEE(SCI)
Tab.4 Comparison of SAD values of each algorithm under different image sizes (SC1)

EE R+ VCA-FCLS L1/2-NMF MV-NTF-TV MLNMF SDNMF-TV HGNMF-FS DAAN Proposed

25X25 0.1825 0.177 1 0.1519 0.157 8 0.1296 0.1414 0.1374 0.1240
36X 36 0.148 3 0.120 3 0.1107 0.1111 0.058 8 0.128 6 0.0826 0.0418
49X 49 0.083 0 0.0755 0.0530 0.043 6 0.059 4 0.0309 0.0725 0.0305
64X 64 0.066 0 0.039 5 0.0539 0.0437 0.042 8 0.0305 0.0278 0.0258
81X 81 0.0897 0.0677 0.0739 0.0730 0.080 1 0.0839 0.0839 0.0539
100100 0.0856 0.0756 0.0709 0.080 1 0.088 5 0.0852 0.0868 0.0622

T MR ORI

BN, B AT — 1E W TR, SAD 5 RMSE 2
B8 F JCIE WAL AE B 5 R 3 Bk & 0 B, SAD B =
0.025 8, RMSE [£Z 0. 032 3,3 /i, 1 3F T

S 7 (T RS2 86 ) < O 56 I i AR B IE U Ak
5 35 7 die /) BB I DU A A s ' A TR PR AT B
P AR SO T 4 MBS S5 R WA 8. XTI
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Tab.5 Comparison of RMSE values of each algorithm under different image sizes (SC1)

E{g R~ VCA-FCLS L1/2-NMF

MV-NTF-TV MLNMF SDNMF-TV HGNMF-FS DAAN Proposed

25X25 0.174 9 0.1727
36X 36 0.1141 0.1235
49X 49 0.058 5 0.068 0
64 X 64 0.048 5 0.042 9
81X 81 0.084 7 0.076 8
100100 0.094 6 0.082 5

0.1317
0.118 0
0.056 6
0.056 8
0.079 8
0.084 2

0.120 3 0.1235 0.154 1 0.1234 0.1127
0.107 3 0.0547 0.107 9 0.1123 0.0509
0.0401 0.063 9 0.0389 0.0728 0.037 2
0.040 9 0.0347 0.034 4 0.0423 0.0323
0.0730 0.054 8 0.084 6 0.0809 0.044 8
0.079 5 0.087 4 0.0876 0.0823 0.0523

T R R R

R6 AEESEETEREXNSADELLE(SCI)

Tab. 6 Comparison of SAD values of each algorithm under different mixing degrees (SC1)

0 VCA-FCLS L1/2-NMF MV-NTF-TV ~ MLNMF SDNMF-TV HGNMF-FS DAAN Proposed

0.5 0.250 6 0.2326
0.6 0.236 2 0.184 4
0.7 0.1930 0.102 9
0.8 0.066 0 0.039 5
0.9 0.062 3 0.0319

0.206 8
0.1820
0.124 3
0.0539
0.048 5

0.1859 0.242 2 0.2230 0.2035 0.1978
0.144 5 0.2267 0.198 1 0.1582 0.1141
0.1015 0.1534 0.090 6 0.0892 0.0731
0.0437 0.042 8 0.030 5 0.0278 0.0258
0.0347 0.032 6 0.0328 0.0271 0.0246

T MR AOR R LA

RT ARARERETENEENRMSEELLE(SC1)
Tab.7 Comparison of RMSE values of each algorithm under different mixing degrees (SC1)

0 VCA-FCLS L1/2-NMF MV-NTF-TV ~MLNMF SDNMF-TV HGNMF-FS DAAN Proposed

0.5 0.1770 0.1531
0.6 0.146 0 0.1412
0.7 0.1452 0.1027
0.8 0.048 5 0.042 9
0.9 0.044 4 0.0379

0.1406
0.1340
0.104 5
0.056 8
0.046 5

0.146 8 0.1747 0.169 4 0.1531 0.1378
0.100 1 0.1454 0.1361 0.0997 0.098 6
0.0710 0.1259 0.086 9 0.0822 0.0603
0.0409 0.0347 0.034 4 0.0423 0.0323
0.040 4 0.0335 0.037 2 0.0354 0.0317

T R R AR R AU

xS HEAKIOWN

Tab.8 Analysis of ablation experiments
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0.062 3 0.060 1
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R9 ARBEKFETENEZMNSAD ELLE(SC2)
Tab.9 Comparison of SAD values of each algorithm at different noise levels (SC2)

SNR VCA-FCLS L1/2-NMF MV-NTF-TV ~ MLNMF SDNMF-TV ~HGNMF-FS DAAN Proposed

10 0.098 5 0.089 7 0.094 8 0.104 6 0.089 1 0.080 4 0.0956 0.0782
20 0.030 2 0.029 8 0.038 6 0.079 5 0.030 6 0.029 5 0.0347 0.0280
30 0.0212 0.0200 0.014 2 0.028 6 0.0153 0.020 5 0.0278 0.0142
40 0.0199 0.0102 0.026 6 0.0116 0.009 7 0.008 6 0.0056 0.004 2

T MR AU R L

R0 FERAKFTENEEN RMSE EILE(SC2)
Tab. 10 Comparison of RMSE values of each algorithm at different noise levels (SC2)

SNR VCA-FCLS L1/2-NMF MV-NTF-TV MLNMF SDNMF-TV HGNMF-FS DAAN Proposed

10 0.186 9 0.170 4 0.1211 0.174 3 0.167 6 0.106 5 0.1730  0.092 5
20 0.1397 0.1288 0.1136 0.126 4 0.1194 0.097 1 0.1347 0.086 2
30 0.058 9 0.051 3 0.084 2 0.054 7 0.054 1 0.0550 0.0423 0.0324
40 0.023 4 0.038 3 0.062 6 0.0259 0.018 3 0.0220 0.0334 0.0140

T R R R

F11 TRELKREZFERMEIFEESC2 LI FHEE

Tab. 11 Average time of different comparison algorithms on the simulated dataset SC2

WiRES VCA-FCLS L1/2-NMF MV-NTF-TV MLNMF SDNMF-TV HGNMF-FS DAAN Proposed

Ve 1.9274 34.786 7 150. 939 6 22.358 3 79.396 4 25.5723  256.4532 22.1001

T MR R R LA

Reference VCA-FCLS L1/2-NMF MV-NTF-TV  MLNMF  SDNMF-TV HGNMF-FS  DAAN Proposed
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Fig. 5 Estimated abundance of different demixing algorithms on SC2
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Fig.6 Endmember curve comparison on Samson dataset
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Fig.7 Abundance map estimated by the proposed algorithm on the Samson dataset

#12 AEEETESamson HiEE FHSADE
Tab.12 SAD values of different algorithms on the Samson dataset

Wy VCA-FCLS L1/2-NMF MV-NTF-TV MLNMF SDNMF-TV HGNMF-FS

DAAN  Proposed

Tree 0.1513 0.026 6 0.014 2 0.0387 0.2014 0.013 4 0.0883 0.1420
Soil 0.0487 0.029 2 0.0138 0.1913 0.0378 0.014 4 0.0597 0.0137
Water 0.129 6 0.276 7 0.160 4 0.014 8 0.0407 0.1470 0.0261 0.0131
Mean 0.109 9 0.1108 0.062 8 0.081 6 0.093 3 0.058 3 0.0580 0.056 3
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Tab.13 SAD values of different algorithms on the Jasper Ridge dataset
W4  VCA-FCLS L1/2-NMF  MV-NTF-TV MLNMF SDNMF-TV HGNMF-FS DAAN Proposed
Dirt 0.4889 0.467 1 0.1636 0.0349 0.458 5 0.464 2 0.0649 0.0344
Tree 0.101 6 0.083 2 0.076 4 0.090 1 0.0650 0.060 3 0.0924 0.0601
Water 0.190 2 0.0715 0.1537 0.056 0 0.0700 0.084 6 0.0753 0.0411
Road 0.249 2 0.086 6 0.3953 0.447 3 0.1189 0.0829 0.0636 0.048 3
Mean 0.257 5 0.177 1 0.197 3 0.157 1 0.178 1 0.1730 0.0741 0.0456
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Fig. 10 Endmember curve comparison on AVRIS Cuprite datas
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Fig.11 Abundance map estimated by the algorithm in this paper on the AVRIS Cuprite dataset
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Tab. 14 SAD values of different algorithms on the AVRIS Cuprite dataset

i VCA-FCLS L1/2-NMF MV-NTF-TV MLNMF SDNMF-TV HGNMF-FS DAAN Proposed
Chalcedony 0.308 4 0.046 4 0.064 9 0.2797 0.054 8 0.0831 0.0678 0.1182
Nontronite 0.094 6 0.0577 0.180 4 0.098 1 0.095 5 0.092 3 0.0752 0.0504
Buddingtonite 0.112 3 0.060 0 0.0919 0.0737 0.066 5 0.091 4 0.0681 0.1033
Dumortierite 0.1129 0.080 8 0.1214 0.074 3 0.086 8 0.109 8 0.1287 0.0717
Kaolin#1 0.0911 0.0810 0.2497 0.0958 0.068 6 0.109 8 0.1020 0.0623
Kaolin#2 0.096 9 0.0812 0.1187 0.074 6 0.069 5 0.069 9 0.0709 0.063 4
Sphene 0.1997 0.083 2 0.082 8 0.1857 0.1318 0.059 8 0.0669 0.0731
Montmorillonite ~ 0.0759 0.092 8 0.107 9 0.1200 0.093 0 0.063 8 0.0827 0.1007
Muscovite 0.057 2 0.0957 0.444 6 0.120 3 0.056 1 0.177 1 0.1118 0.0552
Pyrope 0.053 5 0.1530 0.187 8 0.144 4 0.0818 0.158 9 0.116 5 0.0520
Andradite 0.1456 0.169 4 0.054 9 0.059 5 0.1239 0.076 8 0.1619 0.0509
Alunite 0.0719 0.2707 0.194 3 0.0530 0.2118 0.1110 0.0574 0.0854
Mean 0.118 3 0.106 0 0.158 3 0.1149 0.0950 0.100 3 0.0892 0.0739

AL RS V& AV sS4V ]
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Tab.15 SAD values of different algorithms on the Urban dataset
W) VCA-FCLS L1/2-NMF MV-NTF-TV MLNMF SDNMF-TV HGNMF-FS DAAN Proposed
Asphalt Road 0.2418 0.0819 0.1308 0.1333 0.082 0 0.046 8 0.0616 0.0366
Grass 0.2104 0.1754 0.417 6 0.278 3 0.1587 0.079 3 0.0974 0.0523
Tree 0.4011 0.0550 0.1224 0.1115 0.048 0 0.0619 0.0610 0.0811
Roof 0.260 6 0.1626 0.2324 0.2757 0.153 1 0.047 1 0.1401 0.0427
Metal 0.5150 0.047 3 0.058 4 0.045 5 0.045 3 0.043 0 0.0427 0.0416
Dirt 0.249 5 0.083 6 0.1325 0.146 6 0.082 2 0.049 8 0.0494 0.0471
Mean 0.3131 0.1010 0.1824 0.1651 0.094 9 0.0547 0.0754 0.050 2
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