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W B, it 106 1M B, FE2 A AEA] WOGA
UL LT AN BT I, REAS B 4 b S ke HE ) 1) 5
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RS E AR 1 m 2R BERAY 200 A . TERFSEIX
WL G55 B AR IR LA e AR i e RORE A
i 2 £ 1ML SVM (Support Vector Machine) 43
KU TS E 00k, EG BRI AT RS B
%K, LIRS HE .

H T R PR, AU 75 4% ) ] B 1 — B 5215
B TR E B R 3 R, HAw 05 B —
—4ih .
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Table 3 Metadata of the images

o FAGARI LR s BT

BRI o . .
s} [i] ZEIE /N Path/Row
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M2 e 6 FIR A B o~ R RS ) — ool R (5K
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Fig.7 The schematic diagram of evaluation window
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Table 4 The running time of each stage of

KGESU algorithm
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Table 5 The running time of all algorithm

CREE N YA /s
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Fig. 10 The influence of different regularization parameter A on the result of unmixing
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Fig. 11 The influence of different equilibrium parameter ¢ on

the result of unmixing
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Table 6 The accuracy evaluation of all samples

rmse[

el

FCLS MEMSA SUnSAL S2WSU KGESU

B 0.1337  0.1116 0.1770 0.1210 0.1785
KK 02379 02915  0.0796 0.2472  0.0771
WAL 0.0782  0.0895 0.0414 0.0959 0.0417
FEX 1T #FH  0.0742  0.0667 0.0606 0.0524 0.0591
Pl 02828 0.2928  0.1892  0.1690  0.1849
MR 0.1764 02206  0.1649  0.2571  0.1634
ML 0.0405 0.0469  0.0435 0.0359 0.0433
mean  0.1462  0.1599  0.1080 0.1397  0.1069
RMSE  0.1685 0.1876  0.1242 0.1620  0.1229

%%U rmse/

FCLS MEMSA SUnSAL S2WSU KGESU

B 01234 0.0547  0.1289  0.1295  0.1220

K& 02822 03046 0.0973 03629 0.0936

JEL 02734 02971  0.1499 03476 0.1534

FEX 2  #fH 0.0654  0.0649  0.0578 0.0672 0.0598
Pl 00775 0.0717 0.0769 0.1035 0.0708

i  0.1314 0.01197 0.1268  0.1492  0.1237

ML 01307 0.1297  0.1294  0.1369  0.1286

mean  0.1549  0.1489  0.1096 0.1853 0.1074

RMSE  0.1749 0.1791 0.1138 0.2157 0.1119

Sgen rmse’.

e FCLS MEMSA SUnSAL S2WSU KGESU
wryy 02428 0.1021  0.0754 0.1107  0.0701
Kk 0.0933  0.0863 0.1083 0.1893 0.1036

0.1605 0.1679 0.1543 0.3119 0.1534

FEIX 3 IR 0.1548  0.1602  0.1369 0.1313  0.1307
B 01100 0.1145 0.0737 0.0810  0.0736

Pdds 01081  0.1220  0.0930 0.1033  0.0947

MM 0.0444  0.0693  0.0579 0.0689 0.0578

mean  0.1305  0.1175  0.0999 0.1423  0.0977

RMSE  0.1430  0.1222  0.1052 0.1624 0.1028

rmse.

2551 :

FCLS MEMSA SUnSAL S2WSU KGESU

B 01751  0.1124  0.1443  0.0774 0.1403
K& 01472 0.1685  0.1061 0.1798  0.1032
WAL 0.1940 02232 0.1706 02742 0.1702
BEX 4 BFM 01238 0.1206  0.1127 0.0955 0.1125
PEHs 01005  0.1366  0.1008 0.1070  0.0975
MM 0.1440  0.1527  0.1518 0.1750  0.1545
ML 0.0809  0.0952 0.0810 0.0678 0.0813
mean  0.1380  0.1442  0.1239 0.1395 0.1228
RMSE  0.1428  0.1495 0.1274 0.1555 0.1265

%%” rmsei

FCLS MEMSA SUnSAL S2WSU KGESU

BHL 01840  0.1230  0.1635 0.1158  0.1416
K& 02042 02363  0.1313 02024 0.1297
WEHL  0.1264  0.1363  0.0863 0.1155 0.0881
FEX S HfH  0.0694  0.0679 0.5934 0.0777 0.0541
FEML 02629  0.2464  0.1925 0.1619 0.1719
MM 01656  0.2342  0.1866 0.2078  0.1835
B 0.0562  0.0648  0.0851 0.0451 0.0850
mean  0.1527  0.1584  0.1292 0.1323  0.1220
RMSE  0.1674  0.1748  0.1384 0.1440 0.1298

TE - BRAREE b e (L, i R B AR
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Fig. 12 The unmixing abundance map of sample one
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Knowledge graph embedding spectral unmixing

WU Rui,LUO Wenfei, CHEN Jianghao

School of Geography, South China Normal University, Guangzhou 510631, China
Abstract: Selecting effective endmembers from a set of endmembers is important in the process of spectral unmixing. However, the
selection of endmembers will be affected by the spectral variability of endmembers, which results in a certain uncertainty in the results of
selection and the accuracy of unmixing. This study combines geoscience prior knowledge with sparse unmixing to solve this problem, and a
Knowledge Graph Embedding Spectral Unmixing (KGESU) algorithm is proposed. While utilizing spectral features, certain prior
knowledge is introduced to further improve the reliability of endmember selection.

The implementation steps of the KGESU algorithm involve two issues the embedding training of geoscience knowledge graph and
spectral unmixing with priori knowledge. The embedding training of geoscience knowledge graph transforms geoscience knowledge into a
structured expression form through knowledge graph. Then, the TransE model is used for graph embedding. We perform knowledge
reasoning according to the knowledge graph embedding to address the second issue. Then, a reasoning - weighting sparse unmixing
algorithm is developed to integrate the process of reasoning and unmixing.

Experiments are conducted to validate the effectiveness of the proposed method. The prior knowledge is instantiated with the aid of
auxiliary data such as Landsat 8 and GDEMV?2. The spectral unmixing data are GF-5 satellite data. The GF-2 data with a resolution of 1 m
after graphic fusion are used for verification. Compared with the traditional pixel-by-pixel evaluation, this study expands the evaluation
window. The sensitivity of different resolution images to registration errors is reduced by increasing the overlap area between pixels and
allocating the residuals. The root mean square error of each endmember, the mean of the root mean square error of each endmember, and the
overall root mean square error of the image are used as evaluation indexes to evaluate the unmixing results. Results demonstrate that the
KGESU algorithm outperforms the state-of-the-art algorithms.

By the guidance of geo-prior knowledge in the unmixing process, the uncertainty caused by factors such as data itself and external
noise can be reduced. The ability to discriminate endmembers can be improved to a certain extent. At the same time, the method proposed in
this study combines the advantages of knowledge reasoning and numerical computation. Furthermore, we use geoscience knowledge and
spectral characteristics to select endmembers. The unmixing result can be more reliable. In the future, the research has the following issues
that need further consideration. (1) In this study, a knowledge graph is constructed only from the perspective of land use classification, and
prior knowledge is introduced. In the follow-up work, secondary and even more precise classification can be considered to highlight the
advantages of hyperspectral data. (2) In the future work, we will consider more complex relationships between ground objects, introduce
more abundant geoscience knowledge, and further build a more perfect geoscience knowledge graph. (3) Knowledge reasoning based on
graph embedding is a relatively good method to integrate reasoning results into spectral unmixing at present. With the continuous
development of technology, we will further attempt to introduce knowledge through other knowledge reasoning mechanisms.

Key words: remote sensing, knowledge graph, knowledge graph embedding, endmember selection, spectral unmixing
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