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Fig. 1 Architecture of the autoencoder—based network
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Table 1 The layer type and activation function used in

the generator

P (#) Gy =E | O PRAL AeERL
1 BWAZY — B
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5 IR LeakyRelu R
6 HLFRAEZ (BN J2) Utility R
7 ()2 Relu R
8 ASC Utility R
9 W)z F — R
10 ESUEI Linear B
11 HthJ2 Y — B
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i (#) IR S R AL AL
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Fig. 3 The color images and endmembers of the synthetic dataset
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Fig.4 Abundance map comparisons for the synthetic dataset
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Fig. 5 The endmember estimation results for the synthetic dataset
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Table 3 Unmixing evaluation on synthetic dataset

I 75 SNR= RMSE(F J£i%2%) SAD (G 22)
10 dB(x10™)  AAENet SCM DAEN NCM uDAS FCLS AAENetdEXH#Hi | AAENet SCM DAEN NCM uDAS FCLS AAENetdEXHHi

Limestone 580 1469 1533 632 2112 1100 1658 162 243 945 — 660 1090 925
Basalt 297 658 620 308 524 460 678 184 258 574 — 355 456 434
Concrete 370 980 913 413 1058 1258 482 287 591 2712 — 714 126 681
Conifer 270 513 469 258 435 494 591 112 505 740 — 572 499 625
Asphalt 265 538 662 297 695 304 973 42 175 290 — 304 304 276
PR 356 832 839 382 965 723 834 157 355 1050 — 521 722 325
I 75 SNR= RMSE(FFEiR22) SAD (3 TGiR2E)

20 dB(x10™)  AAENet SCM DAEN NCM uDAS FCLS AAENetdEXf47% | AAENet SCM DAEN NCM uDAS FCLS AAENetdEX4i

Limestone 320 855 784 903 1194 3473 940 142 140 718 — 183 421 408

Basalt 150 1194 1752 1193 1300 4298 421 179 125 627 — 205 211 309
Concrete 167 1354 2120 866 1930 1689 225 145 353 2930 — 480 212 892
Conifer 135 838 1552 877 1584 1189 363 108 347 593 — 283 168 154
Asphalt 201 1061 1552 960 1502 2662 680 45 980 246 — 128 102 114
PR 195 532 748 381 468 392 526 124 213 1023 — 256 223 375
I 74 SNR= RMSE(FRFiR2%) SAD (3G i 2 )

30dB(x107)  AAENet SCM DAEN NCM uDAS FCLS AAENetdE%47 | AAENet SCM DAEN NCM uDAS FCLS AAENetdExHi

Limestone 260 713 234 632 908 610 677 68 107 211 — 289 342 179
Basalt 130 205 429 309 288 270 360 53 95 168 — 150 211 262
Concrete 125 508 224 413 347 301 169 85 245 334 — 454 533 295
Conifer 123 221 156 258 152 162 370 69 271 271 — 153 148 519
Asphalt 150 212 179 297 396 270 382 42 75 117 — 123 112 185
TR 2 158 372 234 382 418 323 392 63 159 220 — 234 269 288
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Fig. 6 3D cube image and endmembers of the jasper dataset
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Fig. 7 Abundance map comparisons for the jasper dataset
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Fig. 8 Abundance map comparisons for the jasper dataset
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Table 4 Unmixing evaluation on jasper dataset

e Rk RMSE(EJEi52) SAD (i Gk 22)
(x10™)  AAENet SCM DAEN NCM uDAS FCLS AAENet{:%##i | AAENet SCM DAEN NCM uDAS FCLS AAENetdE%Hit
Road 790 855 784 903 1194 1085 750 308 444 517 — 599 901 474
Soil 939 1194 1752 1193 1300 2035 1772 196 713 1010 — 1167 1166 2068
Water 417 1354 2120 866 1930 2841 1702 1094 976 3341 — 1146 2622 633
Tree 723 838 1552 877 1584 1718 2682 302 442 1827 — 1979 1534 1233
FEHIRZE 726 1061 1552 960 1502 1920 1726 504 644 1674 — 1156 1556 1102
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Hyperspectral unmixing based on adversarial autoencoder network

JIN Qiwen',MA Yong'?,FAN Fan'’,HUANG Jun'?,LI Hao’,MEI Xiaoguang'’

1. Electronic Information School, Wuhan University, Wuhan 430072, China;
2. Institute of Aerospace Science and Technology, Wuhan University, Wuhan 430079, China;
3. College of Mathematics and Computer Science, Wuhan Polytechnic University, Wuhan 430023, China

Abstract: Due to the limitations associated with the spatial resolution of instruments and complex natural surfaces, spectral mixing (SU),
which identifies the proportion (abundance) of the basic component spectrum (endmember) in the sub-pixel level, has become an important
topic in the deep development of hyperspectral image analysis. Given that the training procedure can be explained as finding a set of low-
dimensional representations (abundance) that reconstruct the data with their corresponding bases (endmembers), the autoencoder (AE)-based
method has received much attention in unsupervised hyperspectral unmixing. However, although the existing AE methods can effectively
deal with unsupervised unmixing scenarios, their performance has not been satisfactory, and noise and initialization conditions greatly affect
their unmixing performance.

In this paper, we propose AAENet, a novel network for unsupervised unmixing that is based on the adversarial autoencoder network.
First, we design the generator as an end-to-end unmixing network based on AE to obtain the meaningful abundance subjected to Abundance
Nonnegative Constraint (ANC) and Abundance Sum-to-one Constraint (ASC). Second, we take the adversarial training process to map the
abundance prior to the hidden code vector (abundance), which is equivalent to providing an adaptive training error to correct the AAENet
converging toward a highly accurate and interpretable unmixing solution.

Experiments on simulated and real hyperspectral data (Jasper dataset) demonstrate that the proposed algorithm can outperform the state-
of-the-art methods. The synthetic data are polluted by Gaussian noise at different levels, where the SNR varies from 10 dB to 30 dB with an
interval of 10 dB. Each algorithm is run 10 times, and the average and standard deviation are reported. With an increasing noise level, the
proposed algorithm exhibits higher robustness in both the abundance and endmember estimations and achieves the best or comparable
results in all cases. In experiments on real datasets, AAENet not only shows sparse abundances for the region but also interprets the
boundary as a combination of neighboring materials. The best results are obtained in highly mixed scenes.

Compared with the traditional AE method, the proposed algorithm can greatly enhance the performance and robustness of the model by
using the adversarial procedure and incorporating the abundance prior to the framework. The discrimination network is designed to allow the
transfer of the potentially intrinsic properties of the abundance prior information. As its main purpose, the proposed method takes an
adversarial training process to impose a prior on the hidden code vector of the autoencoder. The output of the hidden code vector is then
guided to produce meaningful samples. Experiments on simulated and real hyperspectral data demonstrate that the proposed algorithm can
achieve a better unmixing performance compared with state-of-the-art methods.

Key words: remote sensing, hyperspectral unmixing, deep learning, adversarial autoencoder, hyperspectral image
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