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Abstract  

In the northwestern Bangladesh, High Barind Tract has been experiencing severe depletion of groundwater sources 

because of severe irrigation and irregular rainfall by monsoon. This research paper assesses past groundwater 

trends and gives a prediction to two of the seriously impacted upazilas, Godagari and Tanore based on the monthly 

data (1995-2024). The five models that were compared were a statistical model (SARIMA), tree-based models 

(Random Forest, XGBoost) and neural networks-based models (MLP, NBEATS). Model inputs included 

groundwater level (GWL), rainfall, evapotranspiration, temperature (average and maximum), relative humidity, 

and wind speed. The comparison of the results was determined in accordance with RMSE, MAE, RAE, RRSE, 

and correlation coefficient (CC). Findings show that the level of groundwater is continually going down, with 

Tanore losing it at a more significant rate. The SARIMA worked better when measuring short-term seasonal 

changes, and Random Forest and XGBoost worked better when predicting. The deep learning models, especially 

NBEATS, produced less error in long-term groundwater trends but increased the short-term prediction errors. 

Future projections from 2025 to 2040 reveal the possibility of ground water reaching a rather critical level (>30 

m) indicating there is a very strong need to have water resource management integrated. This study demonstrates 

the effectiveness of combining traditional statistical and machine learning models in localized hydrological 

forecasting, offering valuable insights for groundwater governance in the High Barind tract. 

 

Keywords: Groundwater level prediction, High Barind tract, machine learning model, water resource 

management, Statistical model. 

 

1. Introduction 

 

In the northwest part of Bangladesh especially in the High Barind Tract where there are frequent droughts, 

groundwater is highly abundant in helping to sustain agriculture and domestic water supply. The upazilas of 

Godagari and Tanore, Rajshahi, is one of the worst-hit regions, with an extreme lowering of groundwater table in 

the last thirty years because of unsustainable groundwater irrigation withdrawal, irregularity in rainfall patterns 

during the monsoon season, and inadequate recharge occurring in a lateritic terrestrial environment (Hossain et al., 

2021a,b). Expanded use of high water-consuming crops like Boro rice has also increased pressure on the aquifer 

systems, and the regions are more susceptible to water insecurity under such agricultural drought conditions 

(Hossain et al., 2021a,b; Bari et al., 2019). 

 

Precise forecasting of the groundwater level (GWL) is very important during planning in terms of sustainability in 

areas that are under hydrogeological-fragile conditions and data impoverished sites such as, Godagari and Tanore. 

Conventional time series methods like Seasonal Autoregressive Integrated Moving Average (SARIMA) have been 

proven to be useful in modeling the linear effects of seasonality but tend to break down when it comes to complex 

nonlinear associations together with multivariate interconnection (Wilson et al., 2016). On the other side data 

driven solutions such as Random Forest (RF), Extreme Gradient Boosting (XGBoost), Multilayer Perceptron 

(MLP) and Neural Basis Expansion Analysis for Time Series Forecasting (NBEATS) achieve better accuracy for 

complex systems using historical patterns and exogenous climate parameters to learn from (Bandara et al., 2020; 

Rajaee et al., 2019). 

 

Although the past research literature on GWL forecasting with machine learning (ML) is steadily increasing, there 

is limited research discussing long-term projections of individual upazilas in the tract called the High Barind. 

Furthermore, a comparative performance review of statistical and ML models designed to fit localized settings is 

lacking in the form of systematic comparison. The current research attempts to fill this gap by comparing and 

profiling the performance of the SARIMA, RF, XGBoost, MLP, and NBEATS models in predicting the monthly 
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depth of groundwater in Godagari and Tanore based on historical data for 1995-2024 and issuing forecasts of up 

to 2040. The finding of this paper will help other strong groundwater management approaches locally. 

 

2. Methodology 

 

2.1 Study Area 

The research article is concerned with two upazilas, i.e., 

Godagari and Tanore, in the Rajshahi district of northwestern 

Bangladesh. These areas are part of the High Barind Tract, 

characterized by elevated lateritic terrain, compact reddish 

clay soils, and poor infiltration rates, making them highly 

dependent on groundwater for year-round irrigation. Godagari 

and Tanore have been identified as critically stressed zones, 

where the groundwater levels have declined sharply due to 

over-extraction. 

 

2.2 Data Acquisition 

Groundwater level (GWL) and rainfall statistics of Godagari and Tanore were obtained in the form of monthly 

means during 1995 through 2024 at Barind Multipurpose Development Authority (BMDA). The other 

meteorological parameters were the evapotranspiration, average, maximum and minimum temperature, relative 

humidity and wind speed acquired through the Bangladesh Meteorological Department (BMD). These parameters 

do not have upazila level data and hence district-level averages of the Rajshahi district were taken to represent 

both the upazilas, following established practices in previous hydrological studies (Kochhar et al., 2022; Pham et 

al., 2022; Tao et al., 2022). 

 

2.3 Model Framework 

In this work, one will categorize the modeling strategy which is a ground water level prediction into three classes 

namely statistical, tree-based and neural network-based models in terms of their architecture. This categorization 

helps to make a comparative study of the predictive power of both the traditional and data-driven methods, 

especially in the naturally vulnerable hydro geologically dependent areas such as Godagari and Tanore. 

 

Statistical Model 

Seasonal Autoregressive Integrated Moving Average (SARIMA): The SARIMA is a time-series forecasting model 

which contains autoregressive (AR), differencing (I), moving-average (MA), and seasonal. It only predicts based 

on the past value of ground water level and is a benchmark in this report. The model was adjusted with an ACF 

and PACF plot to include the seasonal aspect of the unidirectional monthly GWL data (Wilson et al., 2016). 

SARIMA is always effective when it comes to learning linear dependencies, periodic patterns, but it is not flexible 

enough to take into consideration multivariate, nonlinear effects and patterns. 

 

Neural Network-Based Models 

Multilayer Perceptron (MLP): MLP denotes the kind of a feedforward 

ANN, which has an input layer, hidden layer and output layer. It was 

tested by backpropagation and optimized in minimizing race-off 

functions on past lagged predictor data of GWL and meteorological 

variables. MLP is adequate in discovering nonlinear and complex 

relationships, but it needs fine-tuning with the hyperparameters and 

possible overfitting of the data when the sample is small. 

 

Neural Basis Expansion Analysis for Time Series (NBEATS): 

NBEATS Deep learning architecture is an architecture classified to 

univariate and multivariate time series forecasting. It uses backward 

residuals connections and interpretable blocks to become a trend and 

seasonality learner on a raw time-series, which removes the manual 

creation of features (Bandara et al., 2020). In this research, the 

NBEATS model was setup in such a way that it could predict long term 

GWL trends, so it is very appropriate when it comes to forecasting up 

to 2040. 

 

Figure 1. Study Area 

Figure 2. Architecture of Neural 

Network Based Models 
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Tree-Based Models 

Random Forest (RF): RF is an efficiency extension of learning, 

characterized as forming a few decision trees and combining their 

information to better robustness and precision. It is especially useful 

to pick up non-linear associations between groundwater level and 

climatic parameters of rainfall, evapotranspiration, temperature, 

humidity and wind speed. It made the use of input features such as lag 

characteristics and rolling statistics to fortify its predictive capability. 

 

Extreme Gradient Boosting (XGBoost): XGBoost builds on top of the 

conventional boosting, through a gradient descent algorithm that 

hierarchically improves the construction of a tree. It is also best in 

multivariate time series forecasting because it reduces residual errors 

of previous trees. XGBoost has been described as efficient, scalable, 

and fast to run in structured data such as those related to hydrological 

modeling (Bandara et al., 2020). 

 

2.4 Data Preprocessing 

The raw data manipulated, cleaned and resampled to monthly data. The use of the linear interpolation or monthly 

climatological mean was used in filling in the missing values. Time aspects (e.g., lags and rolling statistics) were 

constructed to be used on machine learning models. The data were split into 1995-2018 training and 2019-2024 

testing data with future projections being carried out until 2040 recursively and employing multi-step forecast. 

 

2.5 Model Evaluation 

Model performance was evaluated using five statistical metrics: 

The parameters are as follows: 𝐷𝐴
𝑖  = actual value, 𝐷𝑃

𝑖  = predicted value, 𝐷̅ = mean of the actual values and N = 

total number of data points. 

 

1. Root Mean Square Error (RMSE) 

RMSE denotes the sample standard deviation of differences of the expected and real values. It is obtained based 

on the following formula: 

                                                RMSE = √
1

𝑁
∑ (𝐷𝐴

𝑖 − 𝐷𝑃
𝑖 )
2𝑁

𝑖=1                                    (1)                 

2. Mean Absolute Error (MAE) 

The MAE evaluates the degree of mistakes in a combination of forecasts regardless of the sign of the mistake. It 

is a measure of the absolute differences of expected and actual values within the test sample. It is simply defined 

as: 

                                                                      MAE =
1

𝑁
∑ |𝐷𝑃

𝑖 − 𝐷𝐴
𝑖 |𝑁

𝑖=1                                            (2) 

3. Relative Absolute Error (RAE) 

The total absolute error is standardized by dividing with the total absolute error of the basic indicator in the RAE. 

It is conceived as such:  

                                                                      RAE = |
𝐷𝐴
𝑖 −𝐷𝑃

𝑖

𝐷𝑃
𝑖 | × 100                                               (3) 

4. Root Relative Squared Error (RRSE) 

In the RSE, the total squared error is divided by the total squared error of the basic indicator to normalize against 

the total squared error. Relative squared error is set to the same scale as the predicted quantity by taking the square 

root of relative squared error. It is as follows defined: 

                                                                      𝑅𝑅𝑆𝐸 =
√∑ (𝐷𝑃

𝑖 −𝐷𝐴
𝑖 )

2
𝑁
𝑖=1

√∑ (𝐷𝐴
𝑖 −𝐷̅)

2
𝑁
𝑖=1

                                             (4) 

5. Correlation Coefficient (CC) 

Correlation Coefficient (CC) is a determination of accurate repeat of experimental data by the model. It has the 

following definition: 

                                                                       CC = √1 −
∑ (DP

i −DA
i )

2N
i=1

∑ (D̅−DA
i )

2N
i=1

                                         (5) 

 

 

 

3. Results and Discussion 

Figure 3. Architecture of Tree Based 

Models 
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3.1 Groundwater Level Trends (1995–2024) 

 

The historical observation shows the steady decrease in the levels of groundwater in both Godagari and Tanore 

between the years. The decline in Godagari was worsened in the post-2010 period as water table levels decreased 

by 2024 to almost 25 meters compared with less than 12 meters. Tanore has a stronger and more well-defined 

falling curves, as the depth of groundwater gradually rises since 2007 and exceeded 25 meters in the recent years. 

These tendencies confirm that both upazilas experience very strong stress on aquifers mainly caused by over-

withdrawals through irrigation and scarce recharge rates by natural filling processes of the ground water. 

 

3.2 Model Validation and Feature Relevance 

It was necessary to examine the results of the model before 

interpreting the analysis; a correlation analysis was carried out 

to derive the relationship between the climatic features input 

and groundwater level. As was demonstrated in Figure 5, 

evapotranspiration demonstrated the most positive type of 

correlation with GWL depth (r = 0.34), whereas rainfall and 

relative humidity were characterized by weak negative type of 

correlation (r = -0.14 and -0.12, respectively). These trends 

indicate that even though direct recharge clues are faint, climate 

variables can affect the changes in groundwater in non-linear, 

multidimensional modes. This is in favor of multivariate 

machine learning and deep learning models that can capture 

such dependencies. 

 

Model Performance in Godagari 
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Figure 4. Historical groundwater level observations in Godagari and Tanore from 1995 to 2024. 

Figure 5. Feature correlation with 

groundwater level (GWL) 

15

20

25

30

G
W

L
 (

m
)

Time
-NBEATS

Measured Predicted

14

19

24

29

G
W

L
 (

m
)

Time
-MLP

Measured Predicted

20

22

24

26

28

G
W

L
 (

m
)

Time

- SARIMA

Measured Predicted

20

22

24

26

28

G
W

L
 (

m
)

Time

-RF

Measured Predicted

16

21

26G
W

L
 (

m
)

Time

-XGBoost

Measured Predicted

Figure 6. Comparison of 

predicted and measured 

groundwater levels (2019–

2024) in Godagari using 

SARIMA, RF, XGBoost, 

MLP and NBEATS 

models. 
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Figure 6 indicates that in Godagari, Random Forest, XGBoost, and SARIMA behave very significantly close to 

GWL trends as recorded with negligible difference. Random Forest and XGBoost can be able to capture variations, 

whereas SARIMA suits the entire season pattern. Comparatively, MLP and N-BEATS have greater differences 

with actual values meaning that their predictions are less accurate. 

 

Model Performance in Tanore 

As shown in figure 7, five models were used to show the predicted vs. measured GWL in Tanore. Random Forest, 

XGBoost, and SARIMA are in agreement with the values and show a clear overall trend and drastic drops. 

SARIMA models seasonality extremely well. On the contrary, MLP and N-BEATS exhibit greater deviation at 

fluctuation periods, which makes them less reliable. Those outputs bear testaments to the soundness of RF, 

XGBoost, and SARIMA of this upazila. 

 

 

 

 

 

 

 

 

 

 

3.3 Long-Term Forecasting of Groundwater Levels (2025–2040) 

Figure 8 depicts the future trends of ground water level in Godagari and Tanore between 2025 and 2040 of five 

forecasting models. All models all point to further decline of ground water levels, but the rate and pattern depends 

on models and areas. NBEATS and MLP show a dramatic long-term decrease in Godagari where the depth of 

ground water would be more than 29 m in 2040. SARIMA and RF decline more gently, whereas XGBoost 

generates seasons, most probably, impacted by noise in the training data. The most drastic depletion path is that of 

NBEATS. In Tanore, it is even steeper as depletion is predicted. Both, NBEATS and MLP assume that the level of 

groundwater will drop below 33m in 2040. RF and XGBoost create unrealistic spikes and SARIMA underestimate 

the decline pace. The uniform descending trend in the model’s evidence of a serious water sustainability risk in the 

two regions, and Tanore in particular. 
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Figure 7. Comparison of 

predicted and measured 

groundwater levels  

(2019–2024) in Tanore using 

SARIMA, RF, XGBoost, 

MLP, and NBEATS models. 
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Figure 8. Forecasted groundwater level trends in Godagari & Tanore (2025–2040) using  

SARIMA, RF, XGBoost, MLP, and NBEATS models. 
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3.4 Model Comparison Summary 

 

The SARIMA was the best as it yielded 

the least error rate and the greatest 

correlation in both Godagari and Tanore 

as indicated in Table 1. Random Forest 

and XGBoost performed well with low 

RMSE and high CC as well. Conversely, 

MLP and NBEATS performed worse 

with relatively larger errors indicating 

that they were not as useful in short-term 

fluctuations but good at describing the 

overall patterns. All in all, statistical and 

tree-based models were more 

dependable in study setting. 

 

 

4. Conclusion 

 

The analysis was done by examining past trends and future projections of ground water tables in the two most 

impacted upazilas of Godagari and Tanore in Barind region of Bangladesh. Overall results indicated that there was 

a constant downward trend in groundwater level in both regions and that Tanore had a steeper and more worrying 

downward tendency. Five forecasting models such as SARIMA, Random Forest, XGBoost, MLP, NBEATS were 

used to make predictions on groundwater level period 2025-2040. Of these, SARIMA models gave the best 

predictions in the two regions, in terms of the error measures, whereas ensemble models (RF, XGBoost) were also 

quite consistent. Deep learning architecture such as NBEATS and MLP was more general when catching the 

broader patterns, yet not precise on short-term fluctuations. The estimated projections reveal that the ground water 

level may drop below 30 meters in 2040 and the land of Tanore is the major place at risk. These observations 

illustrate the fact that there is an emergent requirement of sustainable groundwater management, enhanced 

irrigation efficiency, and positive policy preparation to prevent prevalent crises of water scarcity in these conflict 

areas in the long-term. 
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Godagari  

 RMSE (m) MAE (m) RAE (%) RRSE (%) CC 

MLP 1.48 0.82 74.28 79.36 0.34 

NBEATS 1.55 0.85 81.93 83.21 0.29 

Random Forest 0.43 0.29 50.73 57.77 0.83 

SARIMA 1.22 0.63 17.96 29.16 0.91 

XGBoost 0.44 0.31 53.03 59.54 0.82 

Tanore 

 RMSE (m) MAE (m) RAE (%) RRSE (%) CC 

MLP 1.11 0.88 64.68 67.51 0.72 

NBEATS 1.23 0.97 70.66 73.25 0.68 

Random Forest 1.77 1.27 31.6 37.99 0.91 

SARIMA 0.67 0.38 10.39 16.06 0.93 

XGBoost 1.92 1.44 37.96 40.01 0.86 

Table 1. Model Performance Metrics for Forecasting Groundwater 

Levels in Rajshahi District (Godagari and Tanore) 
 


