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Abstract: Groundwater resources play a vital role in production, human life and economic 

development. Effective prediction of groundwater levels would support better water resources 

management. Although machine learning algorithms have been studied and applied in many 

domains with good enough results, the researches in hydrologic domains are not adequate. This 

paper proposes a novel deep learning algorithm for groundwater level prediction based on 

spatiotemporal attention mechanism. Short-term (one month ahead) and long-term (twelve months 

ahead) prediction of groundwater level are conducted with observed groundwater levels collected 

from several boreholes in the middle reaches of the Heihe River Basin in northwestern China. 

Mean Absolute Error (MAE) and Root Mean Square Error (RMSE) are used to evaluate the 

performance of the proposed algorithm and several baseline models (i.e., SVR, Support Vector 

Regression; FNN, Feedforward Neural Networks; LSTM, Long Short-Term Memory neural 

network). The results show that the proposed model can effectively improve the prediction 

accuracy compared to the baseline models with MAE of 0.0754, RMSE of 0.0952 for short-term 

prediction and MAE of 0.0983, RMSE of 0.1215 for long-term prediction. This study provides a 

feasible and accurate approach for groundwater prediction which may facilitate decision making 

for water management. 

Keywords: Groundwater level; Spatiotemporal series; Neural network; Attention mechanism 
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1 Introduction 

Groundwater is an important source of drinking water, industrial water and agricultural 

irrigation water in many countries. Several unique qualities of groundwater (e.g. widespread and 

continuous availability, low development cost, drought reliability, etc.) has promoted the 

exploration of groundwater. In the past few decades, the effects of climate change and human 

activities have changed the distribution of groundwater resources seriously which led to shortages 

and over-exploitation of groundwater, as well as severe ecological and environmental problems in 

some arid and semi-arid areas 1,2. Water resources management is a feasible solution for dealing 

with the abnormality in which the availability of groundwater resources is an important part. 

Groundwater level is an important indicator of groundwater resources which is highly nonlinear 

and nonstationary and depends on many heterogeneous environmental factors (e.g., aquifer 

properties, precipitation, surface water, exploration, evapotranspiration). The first procedure for 

groundwater management is the accurate simulation and prediction of groundwater level. 

Therefore, it is essential to explore and develop methods and models for groundwater level 

simulation. 

Research on groundwater level simulation may date back to the nineteenth century. In 1856, 

the famous French water engineer Darcy proposed Darcy's law (also called the law of 

permeability) to describe the relationship between groundwater seepage and hydraulic gradient 3. 

In 1935, the Theis Equation was proposed to provide solution for calculating groundwater 

drawdown stimulated by the discharge of a well in transient groundwater hydraulics 4. At the end 

of the twentieth century, many hydrological models were developed (e.g., MODFLOW 5) which 

provided effective approaches to simulate and analyze the spatial–temporal variations in the 
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distribution of groundwater. Since then, the hydrological models have attracted the researchers 

attention to conduct groundwater level simulation. Furthermore, researchers tend to integrate 

different models for simulating the multidisciplinary nature of natural systems which lead to the 

development of agent-based model 6 and modeling environment (e.g., OMS 7, OpenMI 8). Cristian 

Guevara-Ochoa et al. coupled hydrological-hydrogeological model under different climate change 

scenarios to analyze the impact of climate change on water resources by quantifying the 

spatio-temporal dynamics of water balance and groundwater-surface water interactions 9. However, 

several issues of the traditional hydrological models should be addressed which include the 

relatively low accuracy, the high computation costs and the necessary requirements of expert 

knowledge.  

With the development of computer science and hardware, the data-driven methods (e.g., 

regression analysis, statistics, gray theory, machine learning) have been thoroughly studied 10 and 

widely used in lots of areas with good-enough results 11-13. In the fields of hydrological, French et 

al. developed a neural network to forecast rainfall intensity fields in space-time and presented the 

advantages of neural networks compared to numerical models 14. Since then, several researches 

have been conducted using data-driven models. Emery A et al. developed an Artificial Neural 

Networks (ANNs) model to predict groundwater level in a semi-confined glacial sand and gravel 

aquifer under variable state, pumping extraction and climate conditions with considerable 

accuracy 15. Uddameri constructed Feedforward Neural Network (FNN) models to forecast 

monthly and quarterly time-series water levels at a monitoring well with better results than the 

models developed by statistical regression techniques 16. Shiri et al. investigated the abilities of 

several methods (i.e., Gene Expression Programming, Adaptive Neuro-Fuzzy Inference System, 
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ANN, Support Vector Machine and Auto-Regressive Moving Average) for groundwater level 

prediction with the interval of 1-day up to 7-day 17. Gong et al. developed hybrid models by 

combining Ensemble Empirical Mode Decomposition (EEMD) with data-driven models to predict 

groundwater level fluctuations 18. Furthermore, Deep Learning (DL) algorithms have shown great 

potential in areas such as speech recognition, computer vision, natural language processing and 

intelligent recommendation 19. Yan et al. introduced a multivariable Long Short-Term Memory 

neural network (LSTM) to involve more information in the groundwater level prediction. A 

comparative study analyzed the pros and cons of machine learning and numerical models for 

simulating groundwater dynamics 12. Although great progress has been made in the study of 

groundwater level prediction, some problems still exist. First of all, there are few researches on 

long-term groundwater level prediction researches which is essential for regional water resources 

management. Second, there is a lack of analysis and modeling of the spatial and temporal 

sequences of groundwater levels. Given the fact that many groundwater level observation 

boreholes are distributed in a watershed, certain spatial and temporal correlations among different 

boreholes exist which would be great help to improve the accuracy of groundwater prediction. 

In this paper, we propose a novel DL algorithm (ST-Att-LSTM) based on the spatiotemporal 

attention mechanism to forecast short-term and long-term groundwater level by combining 

information from multiple observation boreholes. The main contributions of this paper are: (1) the 

proposal of a novel deep learning algorithm based on spatiotemporal attention mechanism to 

incorporate multiple data sources; (2) the short-term and long-term prediction of groundwater 

level based on the proposed algorithm with more accurate results compared to baseline methods; 

(3) a potential way of knowledge discovery for domain experts. The rest of the article is organized 
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as follows: the study area and collected data are described in Section 2; The structure of the 

proposed algorithm based on spatiotemporal attention mechanism are depicted in Section 3. In, 

Section 4, the evaluation of the proposed algorithm are demonstrated in Section 4; the conclusion 

and future works are shown in Section 5. 

2 Study area and data description 

The study area is selected as the middle reaches of the Heihe River Basin (HRB) 

(38°38’N~39°53’N, 98°53’E~100°44’E; Figure 1) which located in the Hexi Corridor, 

northwestern China. The climate in this area is a typical continental one with limited rainfall 

(69~216 mm/a) but strong evaporation (1453~2351 mm/a). The study area which characterized by 

alluvial plain oasis is the primary water consumption area where the irrigated agriculture 

consumes most of the water supply 20. The groundwater resource was overexploited for 

agricultural, industrial, and domestic use. The major rivers in the study area are the mainstream of 

the Heihe River and the Liyuan River. Groundwater level changes within one year are affected by 

precipitation, evapotranspiration, surface water, agricultural irrigation. The annual and interannual 

variations of groundwater level are summarized by 21. 
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Figure 1. Location of the Heihe River Basin. 

In the study area, the groundwater level observed at 42 observation boreholes (yellow and 

blue dots in Figure 1) were collected from 1986 to 2008. Groundwater level at observation 

borehole “22” was selected as the prediction target. Observation data from several spatially 

distributed boreholes near the river (i.e., “Daman”, “Yanuanzhangwan”, “Banqiaodongliu”, 

“Liaoquanwanzi” and “Luocheng”) (yellow dots in Figure 1) were selected to drive the algorithm. 

The spatial and geographical relationship between each observation well and the target 

observation borehole is differentiated by spatial attention mechanism. The data processing will be 

introduced in Section 4. 

3 Model structure 

The proposal of the novel DL algorithm for groundwater level prediction is based on LSTM, 

Sequence-to-sequence model (seq2seq) and attention mechanism. Therefore, the proposed 

algorithm would be depicted after brief descriptions on LSTM, seq2seq and attention mechanism 

in this section. 
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3.1 LSTM 

The traditional Feedforward Neural Network (FNN) with back propagation establishes 

weight connections between layers and the outputs at the current time step which only depends on 

the input at the current time step. Recurrent Neural Network (RNN) was then proposed by 22 to 

overcome this limitation. In RNN, the hidden layer's information is able to accept its own 

information at the previous time step by establishing interconnection between hidden layers. 

However, the problem of long-term dependencies prevents RNN from large scale applications. To 

solve this problem, Hochreiter and Schmidhuber 23 introduced Long Short-Term Memory neural 

networks. Figure 2 shows the structure of LSTM in which xt refers to the input vector of time step 

t, ht is the output of hidden vector. From this structure, we can derive that ht contains information 

from ht-1 along with the input vector xt. the information is passed to the next time step t+1 through 

the interconnection to ensure the memorization of information. 

 

 

Figure 2. Structure of LSTM 

The difference between LSTM and RNN is that it adds a “processor” to the algorithm to 

judge whether the information is useful or not. The structure of this processor is called cell. Three 
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gates are contained in a cell which named input gate, forget gate and output gate. The information 

which enters into LSTM can be judged according to the rules. Only information that complies 

with the algorithm's certification will be kept. The information that does not match will be 

discarded (forgotten) through the forget gate 24. Equations (1) ~ (6) describe how the LSTM cell 

maps the input vector sequence x to the hidden vector sequence h in detail. In these equations, ft, it, 

ot, and Ct represent the forget gate, input gate, output gate and the memory cell vector, 

respectively; Wf, Wi, Wo, and WC are matrices of weighting parameter; σ and tanh are activation 

functions given by Equations (7) and (8). 
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3.2 seq2seq model 

RNN requires fixed dimensions of inputs and outputs. In order to solve this problem, the 

seq2seq model is proposed. The most distinguished elements in seq2seq model is the inclusion of 

an encoder and a decoder 25 with RNN processing the sequence information. The basic idea of 

seq2seq model is to use the encoder to compress the input sequence into a vector of a specified 

length which can be used as an implicit representation of the original sequence. The most direct 
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way to obtain the representation of the hidden vector is to use the hidden state at the last time step 

of the RNN. It is also possible to transform all hidden states of the input sequence to obtain hidden 

variables. The role of the decoder is to generate the specified result based on the input of the 

hidden vector C at the current time step. The common used calculation method is to input the 

hidden vector C obtained by the encoder as the initial state into the RNN structure of the decoder. 

The output will be used as the input of the current time step. The hidden vector C is used and only 

used as the initial state to participate in the operation. 

3.3 Attention mechanism 

The attention mechanism has recently been demonstrated success in a wide range of tasks 26. 

LSTM typically uses the last hidden state or the mean of all hidden states as an output, while the 

attention mechanism allows for a more direct dependency between the states of the model at 

different points through time. According to the definition of 27 which given a model that produces 

a hidden state ht at each time step, the attention-based model calculates a "context" vector ct as a 

weighted average of the state sequence h. ct is calculated as: 

 ∑
=

=
T

j

jtjt hc
1

α  (9) 

where T is the total number of time steps in the input sequence and αtj is weight computed at each 

time step t for each state hj. These context vectors are then used to calculate a new state sequence s, 

where st depends on st−1, ct and the model outputs at t−1. The weights αtj are then computed by 

Equations (10) and (11). 
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3.4 Spatiotemporal attention model for groundwater level prediction 

The spatial and temporal dynamics of the groundwater level are reflected in the spatial 

distribution of different observation wells. Each observation well records the groundwater level in 

time series. The groundwater level of one observation borehole may be closely related to the 

previous time of another observation well. To this end, we propose to use the attention mechanism 

to model this spatiotemporal dynamic relationship (refer to ST-Att-LSTM hereafter). The goal of 

the spatial attention is to dynamically change the influence of other observation boreholes on the 

target observation borehole at the current time step. The goal of the temporal attention is to 

combine the input sequence with different weights corresponding to the prediction results at each 

time step. 

Spatial attention refers to the inputs of each observation borehole. A certain attention weight 

is given to each observation borehole according to the influence factor. This weight 𝛼𝛼𝑡𝑡𝑘𝑘 measures 

the importance of the groundwater level of the k-th observation borehole at time t. The overall 

inputs after weighting are: 

 𝑥𝑥�𝑡𝑡 = (𝛼𝛼𝑡𝑡1𝑥𝑥𝑡𝑡1 ,𝛼𝛼𝑡𝑡2𝑥𝑥𝑡𝑡2,⋯𝛼𝛼𝑡𝑡𝑛𝑛𝑥𝑥𝑡𝑡𝑛𝑛 ) (12) 

The weight 𝛼𝛼𝑡𝑡𝑘𝑘 can be calculated according to the hidden state and cell state of the encoder 

at the last time step as: 

 𝑒𝑒𝑡𝑡𝑘𝑘 = 𝑣𝑣𝑒𝑒𝑡𝑡 𝑡𝑡𝑡𝑡𝑡𝑡ℎ(𝑊𝑊𝑒𝑒[ℎ𝑡𝑡−1; 𝑠𝑠𝑡𝑡−1] + 𝑈𝑈𝑒𝑒𝑥𝑥𝑘𝑘) (13) 

 𝛼𝛼𝑡𝑡𝑘𝑘 =
𝑒𝑒𝑒𝑒𝑒𝑒 (𝑒𝑒𝑡𝑡𝑘𝑘)∑ 𝑒𝑒𝑒𝑒𝑒𝑒 (𝑒𝑒𝑡𝑡𝑗𝑗)𝑁𝑁𝑗𝑗=1  (14) 

where 𝑣𝑣𝑒𝑒𝑡𝑡,𝑊𝑊𝑒𝑒 and 𝑈𝑈𝑒𝑒 are trainable parameters. The structure of the spatial attention is shown 

in Figure 3. 
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Figure 3. Structure of spatial attention mechanism 

After the spatial attention mechanism, the inputs are updated by multiplying the attention 

weights. The encoder based on the LSTM is used for time-series encoding. Different types of 

decoding strategies are designed based on the characteristics of short-term and long-term 

prediction. For short-term prediction, the output of each time step of LSTM passes through the 

attention layer, The final outputs derive from the weighting of the output of each time step. In 

Equations (15)~(17), LSTM represents the calculation process of a hidden layer unit; ATT 

represents the calculation process of the attention mechanism; ct represents the resulting context 

vector; FC represents the fully connected model, and y is the final prediction output. 

 ℎ𝑡𝑡 = 𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿(𝑥𝑥𝑡𝑡,ℎ𝑡𝑡−1) (15) 

 𝑐𝑐𝑡𝑡 = 𝐴𝐴𝐿𝐿𝐿𝐿(ℎ𝑡𝑡, 𝑒𝑒𝑡𝑡) (16) 

 𝑦𝑦 = 𝐹𝐹𝐹𝐹(𝑐𝑐𝑡𝑡) (17) 

For long-term prediction, the seq2seq model structure is used with LSTM being the decoder. 

Each time step of the decoding process obtains different encoding vectors through the time 

attention mechanism. In Equations (18)~(20), decoder represents the calculation process of a 

hidden layer unit of the encoder; ct represents the context vector in the current decoding state. 

 𝑠𝑠𝑡𝑡 = 𝑑𝑑𝑒𝑒𝑐𝑐𝑑𝑑𝑑𝑑𝑒𝑒𝑑𝑑(𝑦𝑦𝑡𝑡−1, 𝑠𝑠𝑡𝑡−1) (18) 

 𝑠𝑠𝑡𝑡� = 𝑡𝑡𝑡𝑡𝑡𝑡ℎ(𝑊𝑊𝑐𝑐[𝑠𝑠𝑡𝑡; 𝑐𝑐𝑡𝑡]) (19) 

 𝑦𝑦𝑡𝑡 = 𝐹𝐹𝐹𝐹(𝑠𝑠𝑡𝑡� ) (20) 

The structure of spatiotemporal attention mechanism is shown in Figure 4. 
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Figure 4. Structure of spatiotemporal attention mechanism ((a) the short-term prediction model; 

(b) the long-term prediction model) 

4 Experiment and Results 

4.1 Raw data processing 

The information of the middle reaches of HRB where the data was collected from are 

introduced in Section 2. The location of the target observation boreholes and auxiliary boreholes 

selected in our experiment is shown in Figure 1. The dataset of historical groundwater levels from 

January 1986 to December 2008 were collected and processed with monthly interval. The dataset 

was divided into training set and validation set with proportion of 90% and 10%. The experiment 

is designed to predict the groundwater level of the target observation borehole with the 

groundwater level sequences of the auxiliary boreholes. The groundwater level at previous time 

steps (refer to time window hereafter) are used to obtain the groundwater level at the 

current/future time steps. The size of time window for the input is T=12 which means the input 

sequence is {𝑥𝑥𝑡𝑡,𝑥𝑥𝑡𝑡+1,𝑥𝑥𝑡𝑡+2,⋯𝑥𝑥𝑡𝑡+11}. The output is 𝑥𝑥𝑡𝑡+12 (with the size of time window being 1) 

for short-term prediction and {𝑥𝑥𝑡𝑡+11+1,𝑥𝑥𝑡𝑡+11+2,⋯𝑥𝑥𝑡𝑡+11+𝜏𝜏} (with the size of time window being 

τ) for the long-term prediction where 𝜏𝜏 is the length of the output sequence. 

Because of the existence of the characteristics of different dimension eigenvalues and target 

eigenvalue changes, the data was scaled to [0,1] using Equation (21). 

 

minmax

min

xx

xx
xi −

−
=  (21) 
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where xi is the normalized data, x is the raw data, xmin and xmax are the minimum value and 

maximum value of x. 

4.2 Parameters and performance evaluation  

The environments (software and hardware) for conducting the experiment are shown in Table 

1. Backpropagation with Adaptive moment estimation (Adam) 28 is used to train the proposed 

algorithm. The training is to minimize a loss function with regard to the parameters. A mini-batch 

gradient descent optimization method which is simple, efficient and computationally inexpensive 

is used to train the proposed model. It is suitable for non-stationary objective functions. The 

hyper-parameters of the proposed algorithm and baseline models will be described in the relevant 

sections. 

Table 1. The environments of the experiment 

System Ubuntu 18.04 64-bit 

Software 

Python 3.6 

PyCharm Community Edition 2018.2.3 

Keras 2.1.5 

Hardware 

Intel(R) Xeon(R) Silver 4110 CPU @ 2.10GHz 

16 GB RAM 

NVIDIA GEFORCE RTX 2080 Ti 

 

The Root Mean Square Error (RMSE) and Mean Absolute Error (MAE) are used to evaluate 

the performance of the algorithm. RMSE finds large errors and results in a scale which is in the 

same units as the forecast data. MAE can better reflect the error between the observations and the 

predictions. The indexes are calculated as: 

 ∑
=

−=
n

i

ii yy
n

RMSE
1

2)ˆ(
1

 (22) 

 ∑
=

−=
n

i

ii yy
n

MAE
1

ˆ
1

 (23) 

In the equations, n stands for the number of values, yi refers to the observed groundwater 
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level, 𝑦𝑦�𝑖𝑖 refers to the calculated groundwater level. From the definition, one can conclude that 

better results are reflected by RMSE and MAE values near zero. 

4.3 Short-term prediction 

To evaluate the proposed neural network with spatiotemporal attention mechanism 

(ST-Att-LSTM), Support Vector machine Regression (SVR), Feedforward Neural Network (FNN), 

LSTM, and LSTM with spatial attention mechanism (S-Att-LSTM) are used as baseline models. 

The hyper-parameters of all the baseline models and the proposed algorithms are optimized and 

shown in Table 2. The results shown in Figure 5 indicate reasonable match for all the models. The 

results from LSTM are better than those from SVR and FNN because of the inclusion of time 

dependencies in the time sequence. However, S-Att-LSTM performs better which may benefit 

from the features extracted from different time sequences distributed spatially in the study area. 

The best match is obtained by ST-Att-LSTM because of the spatiotemporal attention mechanism 

which would consider both the spatial and temporal relations with serval certain attention weights. 

A quantitative comparison between different methods is conducted using the performance criteria 

(i.e., RMSE and MAE). The results shown in Table 3 indicate the best match from ST-LSTM 

which is in accordance with Figure 5. It is apparent that better results are obtained from the 

LSTM-based algorithms than those obtained from SVR and FNN which may be attributed to that 

LSTM-based algorithms consider the information through time. The S-Att-LSTM algorithm with 

only spatial attention mechanism performs better than the traditional LSTM without attention 

mechanism. The ST-Att-LSTM algorithm with spatiotemporal attention mechanisms performs 

best among three LSTM-based algorithms. Comparisons between LSTM-based algorithms 

indicates that the attention mechanism further improve the performance of the algorithms. 
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Table 2. Hyper-parameters for baseline models (SVR, FNN, LSTM, S-Att-LSTM) and 

ST-Att-LSTM in short-term prediction 

Name 
Number of 

hidden layers 

Number of 

units 

Learning 

rates 

Number of 

epochs 

Number of 

parameters 

SVR C = 1.0, epsilon = 0.01 - 

FNN 2 128/64 0.01 100 17665 

LSTM 1 128 0.01 100 69249 

S-Att-LSTM 2 128 0.01 100 70146 

ST-Att-LSTM 2 128 0.01 100 71386 

 
Figure 5. Short-term prediction of groundwater level 

 

Table 3. Evaluation of short-term prediction results 

Model MAE RMSE 

SVR 0.0928 0.1238 

FNN 0.1058 0.1346 

LSTM 0.0854 0.1275 

S-Att-LSTM 0.0837 0.1156 

ST-Att-LSTM 0.0754 0.0952 

 

Furthermore, the attention weights of ST-Att-LSTM are examined to verify that the 

effectiveness of spatiotemporal attention mechanism on combining the effects from different 

observation boreholes and different time steps (shown Figure 6). It can be seen that the 

groundwater level of observation borehole “22” at the current time step is most related to the 

previous two-time steps and the initial time step (Figure 6 (a)). Due to the influence of the routine 
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groundwater pumping, agricultural irrigation and upstream runoff, certain annual pattern exists in 

the observation of groundwater level. Therefore, the groundwater level at the predicted time step 

correlates the most with the groundwater level at the same month and the adjacent time steps. At 

the same time, it can be seen from the Figure 6 (b) which depicts the spatial attention weights that 

the groundwater level of the prediction target (observation borehole “22”), besides having the 

highest correlation with its own historical data, is also highly relevant to the groundwater level of 

Banqiaodongliu observation wells due to the strong hydraulic connections. The distributions of 

attention weights indicate the effectiveness of spatiotemporal attention mechanism which can 

significantly extract the spatiotemporal dynamic relationships between different observation 

boreholes and time steps which would benefit the prediction accuracy. 

 

Figure 6. Spatiotemporal attention weight: (a) attention weights among different time steps; (b) 

attention weights among different observation boreholes 

4.4 Long-term prediction 

To evaluate the proposed algorithm (ST-Att-LSTM), different baseline algorithms (ARIMA, 

LSTM, seq2seq, seq2seq with time attention (seq2seq-Att)) are selected deliberately. The size of 

predicted time window is set to 12 (τ=12 in Section 4.1) which denotes the length of the output 

sequence. The same methods for pre-processing data and optimizing neural networks are used as 



17 

 

in the experiment for short-term prediction are used in this experiment. The hyper-parameters of 

all the baseline models and the proposed algorithms are optimized and shown in Table 4. The 

results of the algorithms are shown in Figure 7 which indicate that the performance of traditional 

methods (ARIMA, LSTM) for long-term prediction are worse than those from the advanced 

algorithms (seq2seq, seq2seq-Att, ST-Att-LSTM). Parts of the reason may be contributed to the 

larger number of parameters in the advanced algorithms which brings more degree of freedom to 

approximate the data. It is noted that a local minimum value around the 9th time step is 

mismatched by all the algorithms which may be accessible considering the following two reasons. 

First, the purpose of the long-term prediction is to capture the trend of the data (which has already 

been captured well) rather than some special value in case of overfitting. Second, the groundwater 

level at time step 9 could be considered as an abnormal variation in this scale. A qualitative 

comparison between different algorithms is conducted by calculating the MAE and RMSE (Table 

5). The performance of the proposed ST-Att-LSTM algorithm ranks the best in all the algorithms 

which is in accord with Figure 7. 

 

Table 4. Hyper-parameters for baseline models (ARIMA, LSTM, seq2seq, seq2seq-Att and 

ST-Att-LSTM in long-term prediction 

Name 
Number of 

hidden layers 

Number of 

units 

Learning 

rates 

Number of 

epochs 

Number of 

parameters 

ARIMA (p, d, q) = (1, 1, 1), (P, D, Q) = (1, 0, 1), s = 12 - 

LSTM 1 256 0.01 100 272396 

seq2seq 1 256 0.005 100 794881 

seq2seq-Att 1 256 0.005 100 795394 

ST-Att-LSTM 1 256 0.005 100 810376 
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Figure 7. Long-term prediction of groundwater level 

 

Table 5. Evaluation of long-term prediction results 

Model MAE RMSE 

ARIMA 0.1664 0.2021 

LSTM 0.1533 0.2086 

seq2seq 0.1165 0.1447 

seq2seq-Att 0.1029 0.1367 

ST-Att-LSTM 0.0983 0.1215 

 

5 Conclusion 

In this paper, a groundwater level prediction algorithm based on the spatiotemporal attention 

mechanism was proposed to explore the potential information in spatial and temporal distribution. 

The groundwater level from five spatial distributed observation boreholes (i.e., “Daman”, 

“Yanuanzhangwan”, “Banqiaodongliu”, “Liaoquanwanzi”, “Luocheng” and “22”) in the middle 

reaches of the HRB were collected and used to train and validate the proposed algorithm both in 

the short-term prediction and long-term prediction. The MAE and RMSE values were used to 

evaluate the performance by comparing with several baseline algorithms. The results showed that 

the inclusion of spatiotemporal information by attention mechanisms was able to improve the 

performance of deep learning algorithms significantly. Furthermore, the attention weights among 
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different spatial-distributed observation boreholes were examined which may provide information 

for potential hydraulic connections for hydrologist. Therefore, the proposed algorithm provides (1) 

a potential application of spatiotemporal data; (2) an accurate prediction for groundwater level; 

and (3) a potential way of discovering knowledge for domain experts. Future research should 

focus on exploring the solution for combining domain expert knowledge into the deep learning 

algorithms to obtain accurate results and hence develop explainable deep learning algorithms. 
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Figures

Figure 1

Location of the Heihe River Basin. Note: The designations employed and the presentation of the material
on this map do not imply the expression of any opinion whatsoever on the part of Research Square
concerning the legal status of any country, territory, city or area or of its authorities, or concerning the
delimitation of its frontiers or boundaries. This map has been provided by the authors.



Figure 2

Structure of LSTM



Figure 3

Structure of spatial attention mechanism

Figure 4

Structure of spatiotemporal attention mechanism ((a) the short-term prediction model; (b) the long-term
prediction model)

Figure 5



Short-term prediction of groundwater level

Figure 6

Spatiotemporal attention weight: (a) attention weights among different time steps; (b) attention weights
among different observation boreholes



Figure 7

Long-term prediction of groundwater level
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