






Conclusion

• The maximum annual subsidence rate reached 7.8 cm/year.(2021 year)

• The area of significant subsidence was 502.7 km².(2021 year)

• Alluvial deposits dominate the study area, making the strata sensitive to 

groundwater-pressure changes.
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4Source：Land Subsidence Monitoring Information Integration Platform; Agricultural Open Data Platform
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https://web.wra.gov.tw/landsubsidence/water_new/SubsidenceOverview/SubIndex/10009
https://data.moa.gov.tw/open_detail.aspx?id=159


Monitoring Data and Model Variables
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Conclusion

Land subsidence and groundwater monitoring data in Yunlin, Taiwan

Monitoring network

23 subsidence monitoring wells

Matched groundwater monitoring stations

Prediction target

Cumulative land subsidence

Model inputs

• Previous cumulative subsidence

• Monthly groundwater-level variation

• Lithology

Subsidence monitoring wells

Groundwater monitoring stations
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Cumulative Land Subsidence Processing
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Source：Land Subsidence Monitoring Information Integration Platform

1.Match ring IDs and depths over time

2.Calculate depth differences between rings

3.Derive layer compaction from adjacent ring pairs

4.Accumulate layer compaction relative to the 

well bottom
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https://landsubsidence.wra.gov.tw/water_new/SubsidenceOverview/Index/all


Groundwater-Level Variation Processing
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1.Impute missing values

2.Calculate monthly groundwater-level variation

3.Match geological boundaries (B1/B2/B3) of subsidence monitoring wells with aquifer depths

4.Select groundwater monitoring stations within 6 km for each aquifer.
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Cue Wasserstein GAN with Gradient Penalty, CWGAIN-GP

• Groundwater records often contain contiguous missing periods

• Standard GAIN assumes MCAR

• Therefore, a method considering temporal context is needed

Rubin(1976)：

Missing Completely At Random, MCAR

Missing At Random, MAR

Missing Not At Random, MNAR
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Cue Wasserstein GAN with Gradient Penalty, CWGAIN-GP

CWGAIN-GP architecture diagram

Reference：Wang et al.(2024)
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Temporal prediction examples
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GIF：https://drive.google.com/drive/folders/1-5XmfX8jcO1hUL4ls1Jvr8kLWRMt1w9X?usp=sharing

https://drive.google.com/drive/folders/1-5XmfX8jcO1hUL4ls1Jvr8kLWRMt1w9X?usp=sharing
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SHAP interpretation
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Spatial prediction at unseen stations
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GIF：https://drive.google.com/drive/folders/1-5XmfX8jcO1hUL4ls1Jvr8kLWRMt1w9X?usp=sharing

https://drive.google.com/drive/folders/1-5XmfX8jcO1hUL4ls1Jvr8kLWRMt1w9X?usp=sharing
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Depth-dependent error analysis

Depth 0m~60m 60m~150m 150m~300m

Median MAE(mm) 10 5 2

Shallow layer(0m~60m)

Middle layer(60m~150m)

Deep layer(150m~300m)
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Results Summary

• Machine learning models effectively predicted cumulative land subsidence.

• XGBoost showed more stable performance, while LSTM was more sensitive to 

input settings.

• Nearby monitoring stations improved spatial prediction at unseen stations.

• Shallow layers showed larger prediction errors than deeper layers.
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Conclusion

• CWGAIN-GP produced reliable groundwater-level imputation results.

• LSTM and XGBoost effectively predicted cumulative land subsidence in both temporal 

and spatial tasks.

• SHAP results showed that previous subsidence and groundwater-related variables were 

key predictors.

• Prediction accuracy varied with depth, with larger errors in shallow layers.
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