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Fig.1 Distribution of study area 
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Table 1 Monitoring depth information of six groundwater level 
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Ҭ̆ vD ҹ ̂mm/ỹ ̕ losD ҹ LOS
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Fig.2 Subsidencce time series of PS points in the buffer zone of each water level monitoring point 
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Fig.3 LSTM cell structure 
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Fig.4 AM-LSTM network frame diagram 

3  ҍ  

3.1  PS-InSAR   

3.1.1 ῆ  

≠ 6ҩ2012 ‰ PS-InSAR

̆ ‰ 200 m ‖ ῤ PS

ṿҍ ‰ ṿ ̂ 5 Ȃ̃

̆ԋ ṿ ṿҹ5.15 mm/yr̆

ṿҹ0.47 mm/yr̆ ҹ0.67 mm/yr̆R
2ҹ0.98̆

‰ ҍPS-InSAR ѿ Ȃ

̆ ҍץ Ȃ

InSAR ̂Zhou C D ̆2018̕ Zhou C 

F ̆2019̕Lyu ̆2020̃ ̆ ֤ 2011-2015

ԍ140 mm/yr̆ Һ №

ȁ - ̆ҍ

PS-InSAR ᵌғ № ΐ ѿ Ȃ 

 

5 PS-InSAR ҍ ‰  

Fig.5 Comparison of PSI results and the Leveling measurement results 
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Fig.6 Results of subsidence rate in the study area 
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Table 2 RMSE comparison of AM -LSTM model under different training batch sizes at each typical point 
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Fig.7 Model training curve at each typical point 
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Fig8. Comparison results of AM-LSTM and LSTM 
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Table 3 Error comparison of monthly deformation simulation between LSTM and AM-LSTM for each typical point 

ᵝ 

‖  

PS

̂ҩ̃ 
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LSTM             AM-LSTM 
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C 40 >110 780 2.62 2.31 12 

D 25 50-80 398 1.65 1.49 10 
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Fig.9 Weight of attention of groundwater level at different levels 
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Study on land subsidence simulation in the East of Beijing plain 

 based on AM-LSTM  Network 
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Abstract: The simulation and prediction model of land subsidence based on traditional numerical methods 

requires a large amount of hydrogeological data and measured data, and it is difficult to predict the 
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deformation in areas with complex geological conditions. In this paper, based on the land subsidence 

information obtained by PS InSAR Technology in the east of Beijing plain, considering the influence of 

groundwater level in different layers on the subsidence, the long-term and short-term memory network (AM-

LSTM) based on attention mechanism is used to simulate the land subsidence at typical locations in different 

subsidence areas. The results show that:  (1) The spatial difference of land subsidence in the study area is 

obvious. From October 2010 to August 2016, the maximum subsidence rate was about 153 mm/yr, and the 

cumulative subsidence reached 1063mm. It is located near Sanjianfang Township, Chaoyang District. (2) The 

simulation accuracy based on AM-LSTM model is better than that of traditional LSTM model, and the 

accuracy of this simulation is up to 22%. (3)The attention weight of AM-LSTM model indicates that the water 

level of the second confined aquifer contributes the most to land subsidence. The research results can provide 

a reliable model for the prevention and control of land subsidence. 

Keywords: land subsidence, AM-LSTM, simulation and prediction, groundwater level of different layers, 

attention weight 

 


