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Abstract: Objective In hyperspectral remote sensing, mixed pixels often exist due to the complex surface of natural
objects and the limitation of spatial resolution of instruments. Mixed pixels typically refer to the situation where a pixel in

the hyperspectral images usually contains multiple spectral features, which hinders the application of hyperspectral images
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in various fields such as target detection, image classification, and environmental monitoring. Therefore, the decomposi-
tion (unmixing) of mixed pixels is a main concern in the processing of hyperspectral remote sensing images. Spectral
unmixing aims to overcome the limitations of image spatial resolution by extracting pure spectral signals (endmembers) rep-
resenting each land cover class and their respective proportions (abundances) within each pixel. It is based on a spectral
mixing model at the sub-pixel level. The rise of deep learning has brought many advanced modeling theories and architec-
ture tools to the field of hyperspectral mixed pixel decomposition and has also spawned many deep learning-based unmixing
methods. Although these methods have advantages over traditional methods in terms of information mining and generaliza-
tion performance, deep networks often need to combine multiple layers of stacked network layers to achieve optimal learn-
ing outcomes. Therefore, deep networks may cause damage to the internal structure of the data during the training process,
which leads to the loss of important information in hyperspectral data and affects the accuracy of unmixing. In addition,
most existing deep learning-based unmixing methods focus only on spectral information, but the exploit of spatial informa-
tion is still limited to surface processing stages such as filtering and convolution. In recent years, autoencoder has been one
of the research hotspots in the field of deep learning, and many variant networks based on autoencoder networks have
emerged. Transformer is a novel deep learning network with an autoencoder-like structure. It has garnered considerable
attention in various fields such as natural language processing, computer vision, and time series analysis due to its powerful
feature representation capability. The Transformer, as a neural network primarily based on the self-attention mechanism,
can better explore the underlying relationships among different features and more comprehensively aggregate the spectral
and spatial correlations of pixels. This way enhances the ability of abundance learning and improves the accuracy of unmix-
ing. Although the Transformer network has recently been used to design unmixing methods, using unsupervised Trans-
former models directly to obtain features can lose many local details and cause difficulty in exploiting the long-range depen-
dency properties of Transformers effectively. Method To address these limitations, the study proposes a deep embedded
Transformer network (DETN) based on the Transformer-in-Transformer architecture. This network adopts an autoencoder
framework that consists of two main parts: node embedding (NE) and blind signal separation. In the first part, the input
hyperspectral image is first uniformly divided twice, and the divided image patches are mapped into sub-patch sequences
and patch sequences through linear transformation operations. Then, the sub-patch sequences are processed through an
internal Transformer structure to obtain pixel spectral information and local spatial correlations, which are then aggregated
into the patch sequences for parameter and information sharing. Finally, the local detail information in the patch sequences
is retained, and the patch sequences are processed through an external Transformer structure to obtain and output pixel
spectral information and global spatial correlation information containing local information. In the second part, the input
NE is first reconstructed into an abundance map and smoothed during this process using a single layer of 2D convolution
layer to eliminate noise. A SoftMax layer is used to ensure the physical meaning of the abundances. Finally, a single-layer
2D convolution layer is used to reconstruct the image, which optimizes and estimates the endmembers in the convolution
layer. Result To evaluate the effectiveness of the proposed method, experiments are conducted using simulated datasets
and some real hyperspectral datasets, including the Samson dataset, the Jasper Ridge dataset, and a part of the real hyper-
spectral farmland data in Nanchang City, Jiangxi Province, obtained by the Gaofen-5 satellite provided by Beijing Shengshi
Huayao Technology Co. , Ltd. In addition, resources from the ZY1E satellite provided by Beijing Shengshi Huayao Tech-
nology Co. , Ltd. are used to obtain partial hyperspectral data of the Marseille Port in France for comparative experiments
with different methods. The experimental results are quantitatively analyzed using spectral angle distance (SAD) and root
mean square error (RMSE). In addition, the method evaluates the proposed DETN compared with several state-of-the-art
deep learning-based unmixing algorithms: fully strained least squares (FCLS), deep autoencoder networks for hyperspec-
tral unmixing (DAEN) , autoencoder network for hyperspectral unmixing with adaptive abundance smoothing (AAS) , the
untied denoising autoencoder with sparsity (uDAS) , hyperspectral unmixing using deep imageprior (UnDIP) , and hyper-
spectral unmixing using Transformer network (DeepTrans-HSU). Results demonstrate that the proposed method outper-
forms the compared methods in terms of spectral angle distance (SAD), root mean square error (RMSE) , and other evalua-
tion metrics. Conclusion The proposed method effectively captures and preserves the spectral information of pixels at local and

global levels, as well as the spatial correlations among pixels. This method resulis in accurate extraction of endmembers that
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match the ground truth spectral features. Moreover, the method produces smooth abundance maps with high spatial consistency,

even in regions with hidden details in the image. These findings validate that the DETN method provides new technical support

and theoretical references for addressing the challenges posed by mixed pixels in hyperspectral image unmixing.

Key words: remote sensing image processing; hyperspectral remote sensing; hyperspectral unmixing; deep learning;
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Q.K,;
Vh

f‘sol‘lmax Vu ( 5 )
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W BT 50 0 1 VR )38 Gk 2 PR 4 0T
L o TR 2D A PG ) S B R SR R A A
BT EP IR H R T A 2 2B (multi-

layer perceptron, MLP)JZ , H{K Ky
U'=U" +fis(LN(U))) (6)
Ui=U"+ fus(LN(U")) (7)
AL UL A LA NS Transformer 25 14 7111
FEIBT 5, U e R" Ry MSA J2 1) i i1 )7 91
U/ e R"*"Jy MLP 21 i1 BRI RoR . HEEA N
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(Yo, V) Yo e R4 d Sy 44 T B 3075 1Y 2
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v/ =(v.,
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Y, € RCNEBUTH], Y, Y] HAOLE Gt 5 1Y)
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ARG IR E 51 53R 348647, Bl

Q=W . K =WY, V =WY/ (9)
KH,Q, e R™ R 12 1923 (query)
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MIALEE 3V, e RO EE 32 T (R0 (value)
M FES, W, e RV RV IR, 55 2 555 31048
PHEEERAT Yo 5 ME Transformer 2544 4 [7] , [&]
He R 9 i 3 AE MSA JZ b8, 8 i de e
It o b TSR E Pz 2 R ROt Rz
YA (A AH SCHE ¥ I BT 90 9 A 0 A MLP
2, B

Y =Y/ + fua (LN(Y/ ) (10)
Y/ =Y + fu,(LN(Y,")) (11)
ALY A 1A SR Transformer 45 74 /9 1]
HUFH), Yy, S MSA JZ 0% ¥4, Y, R MLP J2 (¥4
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1.4 BHJ[HATEESHE
TESE A DETN J7 1% H, i 4% FF B9 S8 Trans-
former 45 14 45 J B t0 A Y e R b BLAT i A 45 2
TTEE S B BB mE R . EfdEt,
HTH YL EHN RN HA e ROVAGEFER T
T Y B RSN i 2 A (S BT AL B T
Bl s | JF HAFH T softmax JZ 2R 29 o8 3 46 1, DA
RV Yo sy e el e | i Rl = a1 by R D 7
Horpr fif F 4B B2 T BRI & i Rl R T BRI
TR B g A A D R OGS (E B A |G S A
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1.5 REHIHE

¥ G I R R JEE 4% 45 2 Transformer P 4%,
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FeREfA IR (spectral angle distance, SAD) fit 2k 4T
PR3 9 255 8 S A 2%, By

FRE(X,f)z}i (X, -x) (12)
t=1
FSAD(X,A;) = ‘1:sz‘]arccos";X‘A"X;?> (13)
A
Fu = @F g + pFyy, (14)

X, @, p HIEMACAUE 240, DL BiF5RP  RE
Pl o 3 1R 22 (mean square error, MSE) H#5 bR
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{EJ2: , MSE XT3 70 G 1 114 28 %8 2% A ik 8 =l i B0k
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N T B UEAR ST B R A R SR AU

e TS AR DL S B A i S A o - S 2t i
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AR B PR BE A T e PR e A By, i — 2P
PR R R S AT AT

A SCHEH A DETN J5 15 Jg il i VCA S ik
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TEfd FH Jasper Ridge B £ 1YL, i E y = 6 X
107, AR ELCH 300 W5 7608 FH &5 43 5 5 4 AR a
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TEAE I 2Y-1 02D = G A R i s g rh e 8 y =
5% 107, BEARRECH 300 1K

R T HER LT R B AR R 25 R R AR SRR 2
Fsionfliit iR 22 A i T E T 5 A TR
JUR Tk AT A o R SAD PEAR G 1 FE A R
25 DA S iy 76 W Ak BB 1R 22 f» R I T MR 22 (root
mean square error, RMSE) ¥F % 3= B Al 5 19 1% 22
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§SREN)
AU J <x,,£1>
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~ t=1
fRMSE(AvA) = %z (0', - é,) (16)
=1
ngD(W, W) = lZarccosM (17)
' e fw | ],

Ao, o 25 A B DG B, 2 J A 1Y D R
Bia BB NEE, 6, MG WEE w 2SHN
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2.1 {FEREMEHENIIESE

30 3 7 A AL FE 805 76 S 30 B B AR A MG 1t 1)
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AR SCHY RN S 56343, N USGS 6 3% 122 H Fifi #1115 B
AR Py ST AR A B v oA T SR 3k 4 LS
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Fig. 2 Comparison of abundance maps obtained by different unmixing methods on the synthetic dataset (50 dB)

x2 FEFEERENMBSROBETE

Table 2 Accuracy evaluation of different unmixing methods using simulated dataset

20 dB

30 dB 50 dB

SAD(X, X) RMSE(A4,A) SAD(W, W) SAD(X, X) RMSE(A, A) SAD(W, W) SAD(X, X) RMSE(A,A) SAD(W, W)

FCLS 0.1453  0.1245 02421  0.0625
DAEN 0.1326  0.1217 02315  0.0583
AAS 0.1328  0.1211 02311 00576
uDAS 0.1335  0.1232 02324  0.0589
UnDIP 01321  0.1206 02302  0.0564
DeepTrans-HSU ~ 0.1309  0.117 6 02287  0.0552
DETN(A3C) 0.128 7 0.1123 0.2119 0.052 6

0.022 1 0.2617 0.037 4 0.005 6 0.054 3
0.0117 0.247 8 0.026 5 0.007 5 0.0412
0.0123 0.2355 0.019 8 0.007 1 0.041 0
0.013 4 0.244 3 0.031 6 0.007 3 0.042 8
0.0118 0.242 8 0.0257 0.006 8 0.038 7
0.010 5 0.2417 0.019 8 0.0059 0.039 8
0.009 7 0.240 9 0.018 4 0.004 5 0.038 6

T L SRR 5 8 B A2 2R
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BEIL, B, BEE, TP, MERA, BER
REMRER Transformer M4 K& H ik B & =& fE R 7%

2.2 (ERESHBHIIERRE
2.2.1 S 1 TERDGIEEIEEE Samson Y RIESE S
1556 i B0 s 4 Samson 1 JR A6 IR 50 G BLA

952 x 952 METT, I IE FI A 35 0. 4~0. 9 um , B F
T 156N B, HEA 1k 3. 13 nm BETE D HER
L, iﬁElJﬁElz“%&b%W%ﬁjt/J% 95 x 95 [ K%
Bl 2 22 W A R R A P g
IKAK #E%ﬁ%ﬂii%%?)ﬁlluﬁﬁmo FE 3R 45 ER T
AN 7 1 %) Samson B 48 4E fif 1R )5 19 21 (% 3 oC G ik
i 2 Xt L A B X b, mT LR Y AR SO Y

£3 AREFAEERH Samson HIFELIWHIBEEIEE
Table 3 Accuracy evaluation of different unmixing

methods using Samson dataset

Tk SAD(X.X) RMSE(A,A) SAD(W.W)
FCLS 0.124 3 0.178 9 0.144 5
DAEN 0.1211 0.167 0 0.132 6
AAS 0.117 6 0.165 4 0.127 8
uDAS 0.123 5 0.168 5 0.136 9
UnDIP 0.1152 0.164 2 0.1259
DeepTrans-HSU 0.107 3 0.1639 0.1233
DETN(A3C) 0.104 9 0.1612 0.119 4

E L P SRR 5 B R AL 25

DETN J7 {2 8 823 B SR O, H BB 0% IR A5 82 4f 1) fi
TRAR . ANTA] 7 128 FH Samson B8 5 5256 10 K 7
PFE N3 3 fron , il L&, AR 07 3 1 SAD

RMSE 3158 50K B2 245 R 0 R A0 T oAl O7 1%, $E W]
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Fig. 3 Comparison of endmember spectral curves after
unmixing the Samson dataset using different methods

((a)water; (b)vegetation s (¢)soil)
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Fig. 4 Comparison of abundance maps after unmixing the Samson dataset using different methods
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RE#HRER Transformer M £& 1S St itk Bl & =ik iR 777k

AT 77 4 Jasper Ridge K38 42 1R )5 153 30 4 35 G
JETE 2T H AN B EIXF . PTLAE AR S
(1) DETN J5 iR 503 BCSC I OL , HLRB S RIS 4841 11
IR AR o 3R 4 &R T AN [A] J5 3248 Jasper Ridge
Bl LR S B . AT AR I, AR SOy 7
SAD .RMSE WAN & bR _E 1545 2 ARG B B S sy -
M5 X i — AL B UE T DETN J5 ik (A 550k

*4 AREFEEA Jasper Ridge B E LB EIEE

Table 4 Accuracy evaluation of different unmixing

methods using Jasper Ridge dataset

ik SAD(X,X) RMSE(A,A) SAD(W.,W)
FCLS 0.2256 0.345 1 0.1245
DAEN 0.179 4 0.278 0 0.116 6
AAS 0.1543 0.276 4 0.110 1
uDAS 0.180 8 02775 0.108 2
UnDIP 0.143 8 0.275 4 0.106 5
DeepTrans-HSU 0.1299 0.273 2 0.105 8
DETN(A3C) 0.125 4 0.270 9 0.102 7

TE IR R & 5 B AL A 2R

2.2.3 S 3 AERE B H S EDCHE A HROE I 36k
S

Bt o ] e G R SR AR 1Y e R G
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&8 FA 9 il e 7 1 AN [w) 7 12 fuli FH 4 FH i 4fs
58 1 B TG OGS G0t LA B2 B L. BRIz
MRS nT 2% 1) ground truth Z08E , (HE LA 8
5189 R IRy 2 iR T L L O g G T
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Fig. 7 Partial farmland dataset of true-color composite images in

Nanchang, Jiangxi Province
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Fig. 8 Comparison of endmember spectral curves after

unmixing the farmland dataset using different methods
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Fig. 9 Comparison of abundance maps after unmixing the farmland dataset using different methods
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Fig. 10 True-color image of ZY 1E satellite hyperspectral data
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Fig. 12 Comparison of abundance maps after unmixing the hyperspectral data from the ZY 1E satellite using different methods
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