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Abstract Glacial lake outburst floods (GLOFs) are a serious mountain natural disaster, threatening
residents and important infrastructure such as railways and highways in China’s high-altitude regions. Automatic
and efficient glacial lake remote sensing mapping methods are the basis for glacial lake disaster assessment,
monitoring and early warning. However, the existing automatic mapping method is difficult to achieve the
accuracy of traditional manual and semi-automatic ice lake extraction methods in actual ice lake extraction

applications, and it still needs to be further improved. This study is based upon the original U-Net model and
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incorporates polar self-attention mechanisms at various bridge connections. The input image features with high
resolution are maintained both spatially and channel-wise and refined through the synthesis of nonlinear output
features. Then, an improved U-Net glacial lake remote sensing deep learning mapping method is constructed and
successfully applied in key areas of the plateau railway. The results are as follows. 1) Compared with three
classical models, namely PSPNet, DeepLabV3+, and the original U-Net, the improved model has improved
performance on various metrics in the glacial lake prediction dataset, with the precision, recall, IoU, and F1 values
reaching 0.972 5, 0.966 5, 0.940 8, and 0.969 4, respectively. Relative to the original U-Net network, the
precision, recall, IoU, and F1 values of the revised model have been increased by 5.01%, 6.05%, 10.73%, and
5.53%, respectively. 2) Using Landsat-8 satellite remote sensing data, the improved model is applied to
automatically and efficiently extract glacial lake information in the Palong Zangbo and Yigong Zangbo case study
areas from 2013 to 2022. The mapping glacial lakes in 2020 have an overall accuracy of 98.16% and an overlap
rate of 96.66% with the user-interactive mapped reference data, meeting the research requirements for GLOF
assessment and monitoring. This method can be used in the practice of glacial lake disaster prevention and control
in major engineering projects such as railways.

Keywords remote sensing monitoring; glacial lake disaster; deep learning; self-attention mechanism; U-
Net
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Fig.1  Geographical location of the case area
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Fig.2  Spatial distribution of glacial lake dataset for model’s training and validation
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Tab.1 Landsat-8 remote sensing images used in this study
HiEs FRECH 31 =/ % Figk Hia s FRECH 3 =/ % JH&

P136R039 2013-09-28 3.49 FATI| 25 P135R039 2014-05-19 36.09 vk
P136R039 2021-09-18 7.57 IR 25 P135R039 2014-11-27 11.23 VKA
P136R040 2018-10-28 18.92 FEAIYI 2 P135R039 2014-12-29 3.31 vk
P137R040 2020-10-24 1.79 EF)I| 25 P135R039 2015-04-20 2.49 vk &
P137R041 2016-10-29 2.92 FATI| 25 P135R039 2015-07-25 5.59 VK
P138R040 2021-12-21 0.79 IR 25 P135R039 2015-11-30 3.17 VKA
P138R041 2018-11-27 2.11 FEAIYI 2 P135R039 2016-01-17 2.89 vk
P139R041 2016-12-30 2.17 EF)I| 25 P135R039 2016-07-27 27.13 vk &
P140R041 2020-10-29 3.62 FATI| 25 P135R039 2016-10-31 15.20 vk
P141R040 2018-09-29 7.79 IR 25 P135R039 2017-07-14 42.81 VKA
P142R036 2015-09-12 0.21 FEAIYI 2 P135R039 2017-07-30 57.64 vk
P142R040 2020-10-11 2.40 EF)I| 25 P135R039 2017-10-18 24.11 vk &
P143R039 2018-09-27 3.37 FATI| 25 P135R039 2017-12-21 3.47 vk
P143R040 2020-10-18 432 IR 25 P135R039 2018-01-22 1.81 VKA
P144R039 2020-10-09 1.53 FEAIYI 2 P135R039 2018-09-19 37.01 vk
P145R039 2020-10-16 1.55 EF)I| 25 P135R039 2018-11-22 1.02 vk &
P146R038 2021-10-10 1.66 FATI| 25 P135R039 2019-06-02 12.05 vk
P147R036 2019-09-10 1.61 IR 25 P135R039 2019-07-20 73.94 VKA
P147R037 2019-09-10 1.00 FEAIYI 2 P135R039 2019-09-06 70.89 vk
P148R036 2018-08-29 5.56 EEF)I 25 P135R039 2020-10-10 35.64 vk &
P149R031 2016-09-15 0.65 TN 25 P135R039 2020-11-11 2.90 vk
P149R036 2019-09-24 8.73 IR 25 P135R039 2021-07-25 26.95 VKA
P151R034 2016-09-29 1.04 FEAIYI 2 P135R039 2021-10-29 10.15 vk
P151R034 2021-09-27 0.36 EEF)I| 25 P135R039 2022-05-01 17.91 vk &
P135R039 2013-08-04 19.73 v E P135R039 2022-05-25 41.40 vk E
P135R039 2013-08-20 38.64 VKl P135R039 2022-07-04 29.23 VKA
P135R039 2013-11-24 2.07 VKT
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Fig.3  Original U-Net network structure
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Fig.4 Polarized Self-Attention mechanism
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Fig.5 The revised U-Net network structure
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Fig.6  Glacial lake extraction results of each model on the validation set
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2014 FEEAIK, O 60.97%. 2) 2013—2022 4 { S UM vk 7E g AN AR b 2 IERIIESh . 2016 4E0K
WBCE 2, IRF 408 4>, 2019 4ER/D, AU 199 A4S, kiR AL BLAE 2020 4E, 4 50.01 km®, %
ANTH R BAE 2014 4F, 4 33.70 k' 3) vKIIERAE IO TE & R G HRE T 0 42 7 Z RS . Kappa R 5L
(200 MEEAS ) FEAESRA G . S AT 434, 2013 45, 2014 4. 2018 4EF 2019 4EZE 4 IR A B B R Al
AR BRI RBGE IBARZ nHHE T E R, =, aPE RS B ki 55 ,
ANEERE HSHEEL, =BAR . VKIS 45 VORI U B B2 25 B0 T vkl i B4 . 2020 FiB B8 % =~ 5 5%
THREN, vKWIH RS R, 2020—2022 47 3 S K45 RECHHEIT, 31X FEAG 45 TR T m i oL
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A SR BRI ZE A . AT IE e Y SO J7 176 55 i SRS SO T T AR A AR A4 ki) ) A 5 als
Xt KIS A Sl e B A R, I R 55 BRI A e S R B 4 7 I I S

R3 20132022 FETROHERREVAE FKHBIES T
Tab.3 Statistics of glacial Lakes mapped by the improved U-Net model

Oy MO TR TR A HRIE P SRR Kappa R S0 S IEL L ETEEEEL

2013 353 42.35 7591 75.56 99.27 88.16 0.76 46 23.47
2014 239 33.70 60.97 52.78 98.96 77.37 0.54 87 46.28
2015 405 42.21 75.98 90.56 98.79 95.00 0.90 17 9.04
2016 408 43.02 75.24 94.44 99.42 97.11 0.94 10 5.32
2017 301 42.60 77.75 67.78 98.39 84.21 0.68 58 30.85
2018 216 36.41 67.42 56.11 97.12 78.42 0.56 79 42.02
2019 199 37.16 67.11 54.44 97.03 77.63 0.54 82 43.62
2020 404 50.01 96.66 96.67 99.43 98.16 0.96 6 3.19
2021 403 48.38 84.73 77.78 98.59 88.95 0.78 40 21.28
2022 382 48.23 86.34 88.89 98.77 94.21 0.88 23 10.53
4 GEFRIE

ARBIFFEHE T IR A Y U-Net 28450, 8l 51 ARG 2 [A)HIEE VS R it A VS P,
H T — AR U-Net DRIIE ] FIBEAY . X oA — P2 S0 SO IR, i ) ok S 0 ol PG 8
AURRSET .

&ﬁ%%@&ﬂﬁﬂmfﬁ?mﬁﬁ%ﬁ%i SERL T 5 SUBAT FIMARE A 21091 X 2013—2020 4F-%
AR PKISIE SRR A, 7 g i T BB R BRI DL T, A SR UK R RCR B . ARIFFEER I TT 1k
UKW RE I 1 S AR AL TR, AR E PR S W U Ty T A )RR B ST RG R, Rl UGS T
B A5 IR R O A B R S
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