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Article Impact Statement  

Temporal convolutional networks (TCNs) can effectively predict land subsidence caused by 

groundwater abstraction for snow melting. 

 

 

Abstract  

This paper introduces a model based on a temporal convolutional network (TCN) for predicting 

future land subsidence caused by groundwater pumping for snow melting. Developed using 

historical snowfall and cumulative subsidence data from Joetsu City, Japan, the model 

demonstrates satisfactory performance in predicting observed land subsidence. The results suggest 

that TCNs are effective for real‐time predictions of land subsidence associated with snow melting, 

thanks to their efficient computational capabilities, broad applicability to practical problems, and 

minimal data requirements. The proposed approach facilitates responsive and effective land 

subsidence prevention through proactive pumping management in regions with heavy snowfall. 
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1 .  Introduction  

 Land subsidence is the gradual or sudden downward movement of the Earth’s surface (Galloway 

and Burbey 2011, Ma et al. 2018, Bagheri‐Gavkosh et al. 2021), which can lead to irreversible 

environmental impacts (Gambolati 1975, Holzer and Galloway 2005). Land subsidence can occur 

due to natural factors such as tectonic activity, sediment compaction, and permafrost degradation 

(e.g. Barends et al. 1995, Xu et al. 2008, Modoni et al. 2013, Liu et al. 2023, Shirzaei et al. 2021), 

yet these natural causes account for only 23% of global occurrence of land subsidence (Bagheri‐

Gavkosh et al. 2021). The remaining 77% are attributed to human activities (Bagheri‐Gavkosh et 

al. 2021), with groundwater extraction being a primary driver (Galloway and Burbey 2011, 

Bagheri‐Gavkosh et al. 2021, Shirzaei et al. 2021, Gambolati and Teatini 2015). When 

groundwater is extracted, the decrease in pore pressure increases the effective stress on the 

subsurface, leading to the compaction of aquifer systems and subsequent land subsidence 

(Galloway and Burbey 2011, Bagheri‐Gavkosh et al. 2021, Shirzaei et al. 2021, Gambolati and 

Teatini 2015). In regions with significant snowfall, groundwater is frequently used in snow‐

melting systems that sprinkle groundwater onto road surfaces to clear snow and ice (Kayane 1980, 

Sekiya and Tohno 1997, Morita and Tago 2005). The relatively stable year‐round temperature of 

groundwater makes it an ideal resource for this purpose. However, the excessive abstraction of 

groundwater for snow melting can exacerbate land subsidence (Kayane 1980, Sekiya and Tohno 

1997, Morita and Tago 2005), and thus the prediction of land subsidence is crucial for its 

prevention through effective pumping management. 

  Conventional methods for predicting land subsidence primarily rely on numerical 

simulations, which model the physical behaviour of solid materials (Shirzaei et al. 2021), using 

pumping rates as inputs (e.g. Gambolati and Freeze 1973, Zhang et al. 2012, Ortega‐Guerrero et al. 

1999). Although numerical simulations are powerful, they require detailed field data on subsurface 

properties material such as hydraulic conductivity and bulk modulus. In practice, however, such in‐

situ data are often unavailable. Even if available, they are usually accompanied by uncertainties 

and demand scrupulous model calibration (Aichi 2020, Smith and Knight 2019, Gambolati 1975), 

thereby complicating real‐time predictions. Moreover, especially in predicting subsidence resulting 

from groundwater abstraction for snow melting, physics‐based simulations may encounter 

challenges in accurately incorporating pumping estimates derived from snowfall data. 

  An alternative method is the data‐driven approach. Mizumura (1994) implemented this 

method to predict temporal land subsidence using historical data on subsidence, water table 

elevation, and snowfall through Kalman filtering. This approach bypasses the need for detailed 

data on subsurface material properties and can integrate snowfall data, making it advantageous 

over numerical simulations for practical applications. However, the Kalman filtering used by 
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Mizumura (1994) assumes Gaussian noise and linear correlations among variables, which may 

limit its effectiveness in real‐world applications where noise characteristics contain complexity, 

and system dynamics are often nonlinear. 

  To overcome these limitations, this study proposes the use of temporal convolutional 

networks (TCNs) (Bai et al. 2018) (see Section 2 for details), a machine learning approach that can 

model nonlinear relationships without assuming specific noise structures. TCNs have been 

successfully applied to various sequence modeling tasks in hydrology, including predictions of 

water quality parameters (Zhang and Li 2023), groundwater level (Zhang et al. 2023, Haider et al. 

2023), and mine water inflow rate (Yang et al. 2023). Recent studies have demonstrated TCNs’ 

superior predictive accuracy compared to other models, such as recurrent neural networks (RNNs) 

and long short‐term memory (LSTM) networks (e.g. Chen et al. 2020, Bai et al. 2018, Wan et al. 

2019, Lara‐Benítez et al. 2020). Furthermore, TCNs offer faster computational speeds in both 

training and evaluation due to their ability to process temporal data in parallel (Bai et al. 2018). 

  This paper proposes a TCN model to predict future land subsidence based on historical data 

on snowfall and cumulative subsidence. Using data from Joetsu City in northwestern Japan, where 

intensive groundwater abstraction for snow melting has led to notable subsidence, the TCN model 

is optimized through hyperparameter tuning, and its performance is evaluated. 

 

2. Temporal Convolutional Networks (TCNs) 

Before introducing the concepts of TCNs, this section first defines the general sequential modeling 

task. Given an input sequence 𝐱 = 𝑥0, 𝑥1, … , 𝑥𝑇 and corresponding observation data for outputs 

𝐲 = 𝑦0, 𝑦1, … , 𝑦𝑇 , where the subscripts represent time steps, the goal is to generate predictions �̂� =

�̂�0, �̂�1, … , �̂�𝑇 . This involves finding a function 𝒢: 𝒙 → �̂� that minimizes the loss between the 

observations and predictions, ℒ(𝑦, �̂�).  

 A TCN is characterized by causal dilated convolutions (Figure 1a). The term causal refers to 

the convolution property where the output at a specific time, �̂�𝑡, is influenced only by the current 

and past data points, 𝑥0, 𝑥1, … , 𝑥𝑡. This means that there is no information leakage from future time 

steps to past (Bai et al. 2018). Furthermore, dilated convolutions are employed to capture long‐term 

information by enabling a large receptive field (Bai et al. 2018, Yu and Koltun 2015). The dilated 

convolution 𝒟 for an element τ in a sequential layer λ is expressed as 

𝒟(𝜆, τ) = (𝑥 ∗ ℱ)(𝜆, τ) = ∑ ℱ(𝑖)𝑥τ−𝑑𝜆𝑖
𝜆 ,

𝑘−1

𝑖=0

(1) 

where ∗ denotes the convolution operation, ℱ: {0, 1, . . . , 𝑘 − 1} → ℝ represents the filter (Bai et al. 

2018), and d is the vector of dilations for each residual block (Remy 2020). The receptive field (R) 

is calculated as 
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𝑅 = 1 + 2(𝑘 − 1)𝑁𝑠 ∑ 𝑑𝑗

𝑗

, (2) 

 where k is the kernel size, Ns is the number of residual block stacks (Figure 1b). To produce 

outputs with the same length as that of input, zero padding of a length k – 1 is added to each layer 

except for the final output layer (Bai et al. 2018). 

 TCNs contain residual blocks (He et al. 2016) to facilitate learning, particularly in deep 

networks (Figure 1b). Each residual block consists of two layers of causal dilated convolutions. 

Weight normalization (Salimans and Kingma 2016) is applied to each convolution before passing 

through an activation function, which in this study is the rectified linear unit (ReLU) (Nair and 

Hinton 2010). A spatial dropout (Srivastava et al. 2014) is applied following each activation 

function. 

 

 

Figure 1. Schematics of a causal dilated convolution and b residual block in TCN. 

 

3. Method 

3.1. Study area 

The study area is Joetsu City in Niigata Prefecture, Japan (Figure 2), known for its heavy winter 

snowfall. The average annual cumulative snowfall in Joetsu is 413 cm, with a recorded maximum 

snow depth of 96 cm (Japan Meteorological Agency 2021).  

 To manage this snow, groundwater is abstracted for use in snow‐melting systems. This 

practice was initially introduced in Joetsu following its first practical application in Nagaoka, 

another city in the same prefecture. However, in the late 1970s, Joetsu City began to experience 

declines in groundwater levels and associated land subsidence due to groundwater extraction for 

snow melting (Sekiya and Tohno 1997). Notably, in 1984, during a period of heavy snowfall, the 

city recorded an annual subsidence rate of 10.1 cm, the highest in Japan at that time 
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(Environmental Agency of Japan 1985). In response, national and local authorities developed the 

Basic Guidelines for Land Subsidence Prevention in the Joetsu Region in 1987. These guidelines 

include measures such as requiring notification for the installation of new wells and regular 

monitoring of groundwater levels and land subsidence. Alerts and warnings are issued if these 

values fall below prescribed standards. 

 The urban area of Joetsu City is situated in the Takada Plain. The majority of the plain is 

composed of Quarternary sediments, with an average layer thickness of approximately 300 m. A 

clay layer of 40–60 m in thickness (Sekiya and Tohno 1997) is present at the top, underlain by a 

gravel aquifer with a thickness of 8–14 m (Tohno and Sekiya 1997). Subsequently, clay and gravel 

layers emerge alternately (Tohno and Sekiya 1997). Groundwater is extracted from multiple gravel 

aquifers, inducing the compaction of the upper clay layers and resulting in the land subsidence. 

 

 

Figure 2. a Wide‐area map, b topographical map (modified from Geospatial Information Authority 

of Japan (2019)), and c climograph (data from Japan Meteorological Agency (2021)) of study area. 

 

3.2. Data acquisition and preprocessing 

The TCN model utilizes temporal data on snow accumulation from the Takada weather station 
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(Japan Meteorological Agency 2024) (Figure 2b) and cumulative land subsidence measurements 

from December 2015 to July 2024 (Figure 3). The land subsidence data have been continuously 

recorded by Niigata Prefecture at two observation wells, “Joetsu‐G3 (JG3)” and “Joetsu‐G4 (JG4)” 

(Figure 2b). Both datasets have a temporal resolution of 1 hour. The input features for the TCN 

prediction include temporal data on snow accumulation combined with historical cumulative land 

subsidence data, which serves as the target feature. 

 For preprocessing, the datasets were divided into training (80%) and testing (20%) subsets. 

To enhance the prediction accuracy of the TCN, the 

input data were standardized using the following formula: 

𝑥𝑖′ =
𝑥𝑖  −  𝜇

𝜎
, (3) 

where 𝑥𝑖′ denotes the standardized data at time i, x is the original data, and μ and σ represent the 

mean and standard deviation of the training data, respectively. Note that even for scaling the testing 

data, the statistical parameters for the training data are used. 

 

Figure 3. Temporal data of a snow accumulation at Takada (Japan Meteorological Agency 2024) 

and b cumulative land subsidence of observation wells JG3 and JG4. 

 

3.3. TCN implementation 
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The Adam optimizer (Kingma and Ba 2014) is used for training the TCN model, and the mean 

absolute error (MAE) (Equation 4) as the loss function. The initial learning rate is set to 10–3, 

which is reduced by a factor of 5, with a lower bound of 10–5, if the loss function ceases to 

improve. The training is conducted over a maximum of 100 epochs, with early stopping applied to 

mitigate overfitting (Raskutti et al. 2014). The TCN network architecture includes a single causal 

convolutional layer (Ns = 1) with dilutions d = [1, 2, 4]. 

 To identify the optimal hyperparameters, various kernel sizes k = 3, 4, 5 and batch sizes Nb = 

4, 8, 16 were tested and compared (Table 1). For this comparison, the TCN training is performed 

for 100 epochs with early stopping disabled. In all tested cases, the condition Nb > R (Equation 2) 

is satisfied. 

 TCN training and predictions were conducted 10 times for each well and for each 

combination of k and Nb, with results averaged for analysis. 

 

Table 1. Performance of TCN prediction for observation well JG3 with various hyperparameter sets. 

Optimal set is shown by bold. TCN training is performed for 100 epochs. 

Kernel size (k) Batch size (Nb) MAE (mm) R2 

3 4 0.150 0.999 

3 8 0.186 0.997 

3 16 0.458 0.989 

4 4 0.140 0.999 

4 8 0.247 0.997 

4 16 0.440 0.990 

5 4 0.193 0.998 

5 8 0.218 0.997 

5 16 0.379 0.992 

 

3.4. Model performance evaluation 

The model performance is evaluated using MAE and the coefficient of determination (R2). These 

metrics are defined as 

𝑀𝐴𝐸 =
1

𝑁
∑|�̂�𝑖 − 𝑦𝑖|

𝑁

𝑖=1

(4)

𝑅2 = 1 −
∑ (𝑦𝑖 − �̂�𝑖)𝑁

𝑖=1
2

∑ (𝑦𝑖 − �̅�)𝑁
𝑖=1

2 , (5)

 

where N represents the total number of data points, 𝑦𝑖 and �̂�𝑖  denote the observed and predicted 

values of the target variable, cumulative land subsidence, at time i, respectively, and y is the mean 
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of the observed values. These metrics satisfy 𝑀𝐴𝐸 ≥ 0 

 and 0 ≤ 𝑅2 ≤ 1. The MAE quantifies the average absolute deviation of predictions from the 

observed values, with smaller values indicating better model performance. The R2 value measures 

the proportion of the variance in the observed data that is predictable from the model, where a 

value closer to 1 signifies an accurate model prediction. 

 

4. Results and discussion 

The optimal hyperparameters for the TCN prediction are k = 4 and Nb = 4 (Table 1). With these 

hyperparameter values, the MAE is 0.140 mm, which corresponds to approximately 0.2% of the 

maximum observed cumulative land subsidence. The following discusses the TCN prediction 

results based on the optimal hyperparameter selection. 

 Figure 4 demonstrates that the TCN predictions fit well to the observed cumulative land 

subsidence at the observation wells JG3 and JG4. The MAE values are 0.154 and 0.285 mm, and 

R2 = 0.999 and 0.997 for JG3 and JG4, respectively. As early stopping is implemented, the TCN 

training was terminated after 57 and 60 epochs for JG3 and JG4, respectively, prior to the 

permitted limit of 100 epochs. The TCN model effectively captures the short‐term fluctuations in 

the observed land subsidence during winter, which are induced by groundwater abstraction for 

snow‐melting systems. Furthermore, the TCN accurately represents the long‐term trend, including 

seasons without snowfall, which reflects the recovery from intensive winter subsidence. 
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 Figure 4. a, c Time-series and b, d correlation plots for observed cumulative land subsidence and 

TCN predictions with optimal hyperparameter sets (k = 4, Nb = 4) for each observation well. Early 

stopping is implemented. 

 

 The results suggest that TCNs are advantageous for the real‐time prediction of the land 

subsidence induced by groundwater abstraction for snow melting from three perspectives:  

• Efficient computation. TCNs require relatively limited computational time. In this study, a 

single TCN run, including both training and prediction, had an average processing time of 

approximately 30 seconds. The prediction component itself required less than a second.  

• Broad practical applicability. Unlike classical Kalman filters, which rely on the assumption 

of linear correlations among variables with Gaussian noise (Mizumura 1994), TCNs can 

handle nonlinear dynamics without such assumptions, thus being suitable for a wider range of 

complex real‐world problems.  

• Minimal data requirements. Unlike numerical simulations, TCNs does not require detailed 

field data on subsurface material properties, making them particularly valuable in regions with 

limited field data availability. Moreover, TCNs do not require temporal data on water table 

elevation or pumping rates as inputs. Once trained on historical data of snow accumulation and 
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land subsidence, TCNs can predict future land subsidence using only snowfall forecast data. 

Short‐term predictions of snow accumulation can be obtained from weather forecasts, whereas 

similar predictions for water table elevation and pumping rates are generally unavailable.  

Overall, TCNs facilitate the real‐time prediction of land subsidence associated with snow melting, 

thereby enabling proactive pumping management. By implementing real‐time predictions, 

subsidence alerts can be issued before intensive groundwater abstraction and the subsequent 

occurrence of land subsidence when heavy snowfall is anticipated. Thus, TCNs contribute to the 

responsive and effective prevention of land subsidence in regions prone to heavy snowfall. 

 TCNs require comprehensive long‐term historical data for effective training, which is often 

unavailable in real fields. Therefore, continuous monitoring of snow accumulation and land 

subsidence is crucial for the successful practical implementation of the TCN for predicting land 

subsidence induced by groundwater abstraction for snow melting. 

 

5. Conclusion 

This paper presents a model based on a temporal convolutional network (TCN) for predicting 

future land subsidence due to groundwater abstraction for snow melting. The results demonstrate 

satisfactory performance in predicting observed land subsidence. This finding indicate that TCNs 

facilitate real‐time predictions of land subsidence associated with snow melting, thereby enabling 

responsive and effective land subsidence prevention through proactive pumping management in 

regions prone to heavy snowfall. 
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