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Abstract— Accurate prediction of reservoir water levels is essential for sustainable water resources management, 

reservoir operation, and water resources planning under increasing water demand and climate variability. In this study, 

the daily water level of Thurmond Reservoir, located on the Savannah River between South Carolina and Georgia, USA, 

was predicted using daily average air temperature (T), relative humidity (RH), precipitation (P), and one-day lagged 

reservoir water level [RWL(t−1)]. A total of 1608 daily observations collected between 2017 and 2023 were used, with 

80% of the dataset allocated for training and the remaining 20% for testing. Multiple Linear Regression (MLR), 

Interaction Regression (IR), Quadratic Regression (QR), and Long Short-Term Memory (LSTM) models were employed 

to estimate daily reservoir water levels. Model performances were evaluated using the Coefficient of Determination (R²), 

Mean Absolute Error (MAE), and Root Mean Square Error (RMSE). The results demonstrated that all developed models 

achieved satisfactory performance for daily reservoir water-level prediction. Among the evaluated models, the QR model 

achieved the highest prediction accuracy and the lowest error. The results obtained show that the proposed models can 

be effectively used for reservoir operation, water resources planning, and sustainable reservoir management. 

Keywords— Reservoir water level, daily water level prediction, multiple linear regression, LSTM, water resources management.

 

I. INTRODUCTION 

Freshwater resources are increasingly threatened by climate 

change, population growth, urbanization, and rising water 

demand. These challenges have highlighted the necessity 

for effective planning and sustainable management of 

available water resources [1]. Changes in precipitation 

patterns, the increasing frequency and severity of droughts, 

and growing water demand have further underscored the 

importance of efficient reservoir operation and water 

resources management. Therefore, accurate prediction of 

reservoir water levels has become essential for reservoir 

operation, water resources planning, hydropower 

generation, flood control, and sustainable water 

management. 

Reservoir water levels are affected by numerous 

hydrological and meteorological variables, including 

precipitation, air temperature, relative humidity, 

evaporation, streamflow, and reservoir operation policies. 

The complex and nonlinear interactions among these 

variables make daily reservoir water level prediction a 

challenging task in hydrological studies. Reliable prediction 

of reservoir water-level fluctuations contributes 

significantly to reservoir operations, drought and flood risk 

mitigation, and the efficient utilization of water resources. 

Traditionally, reservoir water level prediction has been 

performed using statistical approaches, regression models, 

and physically based hydrological models. However, 

conventional methods may fail to accurately represent the 

nonlinear characteristics of hydrological processes [2]. In 

recent years, Artificial Intelligence techniques have gained 

considerable attention because of their ability to capture 

complex nonlinear relationships and improve prediction 

accuracy. Nevertheless, classical regression models remain 

attractive owing to their simple mathematical structure, ease 

of implementation, and interpretability. 

In recent decades, artificial intelligence and machine 

learning methods have been widely applied to various 

hydrological and water-resources problems, including 
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reservoir volume estimation, reservoir and lake water-level 

prediction, rainfall–runoff modeling, discharge forecasting, 

and reference evapotranspiration estimation. Generalized 

regression neural networks, support vector machines, M5 

decision trees, adaptive neuro-fuzzy inference systems, 

artificial neural networks, deep neural networks, long short-

term memory networks, and ensemble learning approaches 

have shown strong potential for representing complex and 

nonlinear hydrological processes [3-15]. These studies 

indicate that artificial intelligence-based models provide 

reliable alternatives for accurate water-level prediction. 

Özdemir et al. [16] compared Artificial Neural Networks 

(ANN), Long Short-Term Memory (LSTM), Gated 

Recurrent Unit (GRU), Stacked LSTM, and Bidirectional 

LSTM models for predicting the water level of Sapanca 

Lake and reported that the LSTM model provided higher 

prediction accuracy, particularly for long-term forecasting. 

Zhu et al. [17] evaluated Feedforward Neural Networks 

(FFNNs), GRUs, LSTMs, and attention-based deep 

learning models for daily reservoir water-level prediction in 

five lakes in Poland. Their findings demonstrated that all 

deep learning models achieved satisfactory predictive 

performance, with LSTM-based models generally 

achieving the highest accuracy. These studies demonstrate 

the effectiveness of deep learning techniques for reservoir 

water level prediction. However, comparative studies that 

evaluate both classical regression models and deep learning 

approaches on the same dataset remain limited. 

In this study, the daily reservoir water level of Thurmond 

Reservoir, located on the Savannah River between South 

Carolina and Georgia, USA, was predicted using daily 

average air temperature (T), relative humidity (RH), 

precipitation (P), and one-day lagged reservoir water level 

[RWL(t−1)] as input variables. Multiple Linear Regression 

(MLR), Interaction Regression (IR), Quadratic Regression 

(QR), and Long Short-Term Memory (LSTM) models were 

developed and compared. Model performance was 

evaluated using the Coefficient of Determination (R²), 

Mean Absolute Error (MAE), and Root Mean Square Error 

(RMSE) to identify the most suitable approach for daily 

reservoir water-level prediction. 

 

II. STUDY AREA  

The present study was conducted using daily reservoir 

water-level data collected at Thurmond Reservoir, located 

on the Savannah River along the border between South 

Carolina and Georgia, USA (approximately 33°39′ N, 

82°13′ W). The reservoir was constructed by the U.S. Army 

Corps of Engineers for multiple purposes, including 

hydropower generation, flood control, water supply, 

irrigation, and recreation. Construction of the dam began in 

1946 and was completed in 1954. Originally known as 

Clarks Hill Lake, the reservoir was later renamed J. Strom 

Thurmond Reservoir. The study area is characterized by a 

humid subtropical climate with hot, humid summers and 

mild winters. Seasonal variations in precipitation and 

temperature, together with reservoir operation policies, 

considerably influence daily fluctuations in reservoir water 

levels. 

Daily reservoir water level data were obtained from the 

United States Geological Survey (USGS) database. A total 

of 1,608 daily observations collected between 2017 and 

2023 were used to develop the model. The dataset was 

randomly divided into 1,286 observations (80%) for 

training and 322 observations (20%) for testing. Daily 

average air temperature (T), relative humidity (RH), 

precipitation (P), and the one-day lagged reservoir water 

level [RWL(t−1)] were selected as input variables, whereas 

the daily reservoir water level [RWL(t)] was used as the 

output variable. 

 

 

Fig. 1: General view of Thurmond Reservoir [18] and its 

location [19]. 

Daily reservoir water level prediction was performed using 

Multiple Linear Regression (MLR), Interaction Regression 

(IR), Quadratic Regression (QR), and the Long Short-Term 

Memory (LSTM) model. The performance of the developed 

models was evaluated using the Coefficient of 

Determination (R²), Mean Absolute Error (MAE), and Root 

Mean Square Error (RMSE). The location, general view and 

measurement values of the Thurmond Reservoir are 

presented in Figures 1 and 2, respectively. 
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Fig. 2 : Daily reservoir water level data used in this study. 

III. METHODS 

3.1 Multiple Linear Regression (MLR) 

Multiple Linear Regression (MLR) is one of the most 

widely used statistical techniques for modeling the linear 

relationship between a dependent variable and multiple 

independent variables. In this study, the MLR model was 

employed to predict the daily reservoir water level. The 

relationship between the dependent and independent 

variables is expressed by a linear regression equation. The 

general mathematical form of the MLR model is given in 

Eq. (1). 

𝑍 = 𝐴0 + 𝐴1 ∗ 𝑋1 + 𝐴2 ∗ 𝑋2 … . +𝐴𝑖 ∗ 𝑋𝑖 + 𝜀       (1) 

where Z is the dependent variable, Xi represents the 

independent variables, 𝐴0 is the intercept, 𝐴𝑖denotes the 

regression coefficients, and 𝜀 is the error term. 

3.2 Interaction Regression (IR) 

Interaction Regression (IR) is a regression technique that 

considers not only the linear relationship between the 

dependent and independent variables but also the 

interaction effects among the independent variables. In 

addition to the linear terms, interaction terms are included 

in the regression model to better capture the combined 

effects of the input variables on the dependent variable. The 

general mathematical form of the IR model is given in Eq. 

(2). 

𝑍𝑖 = (𝐴0 + 𝐴1𝑋1 + 𝐴2𝑋2 + ⋯ + 𝐴𝑛𝑋𝑛 + 𝐴𝑛+1 ∗

𝑋1 ∗ 𝑋2 + ⋯ ) + 𝜀𝑖              (2) 

where Zi is the dependent variable, X represents the 

independent variables, A denotes the regression 

coefficients, and 𝜀𝑖is the error term [15]. 

3.3 Quadratic Regression (QR) 

Quadratic Regression (QR) is a regression technique used 

to model both linear and nonlinear relationships between 

the dependent and independent variables. In addition to the 

linear terms, the model incorporates interaction and 

quadratic terms to better represent the individual and 

combined effects of the input variables on the dependent 

variable. The general mathematical form of the QR model 

is given in Eq. (3). 

𝑍𝑖 = (𝐴0 + 𝐴1𝑋1 + 𝐴2𝑋2 + ⋯ + 𝐴𝑛𝑋𝑛 +

𝐴𝑛+1𝑋1
2 + 𝐴𝑛+2𝑋2

2 + ⋯ + 𝐴𝑚𝑋𝑛
2) + 𝜀𝑖           (3) 

where Zi is the dependent variable, X represents the 

independent variables, A denotes the regression 

coefficients, and  𝜀𝑖  is the error term  

3.4 Long Short-Term Memory (LSTM) 

Long Short-Term Memory (LSTM) is an advanced type of 

Recurrent Neural Network (RNN) designed to overcome 

the vanishing gradient problem in conventional RNNs and 

effectively capture long-term temporal dependencies in 

sequential data. Owing to its memory structure, LSTM has 

been widely employed in hydrological and meteorological 

time-series forecasting. The LSTM architecture, originally 

proposed by Hochreiter and Schmidhuber [20] and further 

improved by Gers et al. [21], consists of memory cells 

controlled by three gate mechanisms: the forget gate, input 

gate, and output gate. These gates regulate the flow of 

information through the network, allowing relevant 

historical information to be retained while discarding 

irrelevant information. 

In the present study, the LSTM model was employed to 

predict the daily reservoir water level of Thurmond 

Reservoir. Daily average air temperature (T), relative 

humidity (RH), precipitation (P), and the one-day-lagged 

reservoir water level [RWL(t−1)] were used as input 

variables, whereas the daily reservoir water level [RWL(t)] 

was considered the output variable. The general 

architecture of the LSTM cell is illustrated in Fig. 3. 

 

Fig. 3: General architecture of the LSTM cell [22]. 

The internal operations of the LSTM cell are 

mathematically expressed in Eqs. (4)–(9), corresponding to 

the forget gate, input gate, candidate cell state, updated cell 

state, output gate, and hidden state, respectively. 
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Ft=σ(WFxt+UFht−1+bF)                                   (4)  

𝐼𝑡 = 𝜎(𝑊𝐼𝑥𝑡 + 𝑈𝐼ℎ𝑡−1 + 𝑏𝐼)                              (5) 

𝐶̃𝑡 = tanh (𝑊𝐶𝑥𝑡 + 𝑈𝐶ℎ𝑡−1 + 𝑏𝐶)                     (6)   

𝐶𝑡 = 𝐹𝑡 ⊙ 𝐶𝑡−1 + 𝐼𝑡 ⊙ 𝐶̃𝑡                                  (7) 

𝑂𝑡 = 𝜎(𝑊𝑂𝑥𝑡 + 𝑈𝑂ℎ𝑡−1 + 𝑏𝑂)                          (8) 

ℎ𝑡 = 𝑂𝑡 ⊙ tanh (𝐶𝑡)                                          (9) 

Where Ft, It, and Ot denote the forget, input, and output 

gates, respectively; Ct represents the cell state, and ht 

denotes the hidden state. Furthermore, is the input vector at 

the current time step, while ℎ𝑡−1 and 𝐶𝑡−1represent the 

hidden state and cell state from the previous time step. W 

and U denote the weight matrices, b is the bias term, σ 

represents the sigmoid activation function, tanh denotes the 

hyperbolic tangent activation function, and ⊙ indicates 

element-wise multiplication. 

 

IV. ANALYSIS RESULTS AND DISCUSSION 

A total of 1608 daily observations collected between 2017 

and 2023 were used in this study. The dataset was randomly 

divided into 1286 observations (80%) for training and 322 

observations (20%) for testing. The performance of the 

Multiple Linear Regression (MLR), Interaction Regression 

(IR), Quadratic Regression (QR), and Long Short-Term 

Memory (LSTM) models was evaluated on the test dataset. 

Model performance was assessed using the Coefficient of 

Determination (R²), Mean Absolute Error (MAE), and Root 

Mean Square Error (RMSE). Lower MAE and RMSE 

values indicate better model. MAE and RMSE were 

calculated using Eqs. (10) and (11), respectively. The 

statistical performance of the developed models is 

summarized in Table 1. 

    𝑀𝐴𝐸 =
1

𝑁
∑ |𝑅𝑊𝐿𝑖𝑚𝑒𝑎𝑠𝑢𝑟𝑒 −  𝑅𝑊𝐿𝑖𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛|𝑁

𝑖=1          (10) 

    RMSE = (
1

𝑁
∑ (𝑅𝑊𝐿𝑖𝑚𝑒𝑎𝑠𝑢𝑟𝑒 − 𝑅𝑊𝐿𝑖𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛)𝑁

𝑖=1 )
1/2

        (11)                          

In these equations, N denotes the total number of 

observations; i denotes the index of each observation; 

RWLi, measure is the measured reservoir water level for the 

i-th observation; and RWLi, prediction is the corresponding 

predicted reservoir water level.  

Table 1: Performance comparison of the developed 

models. 

 

The results of the model developed in Table 1 are arranged 

according to the determined criteria. In order to estimate the 

daily reservoir water level [RWL(t)], daily mean relative 

humidity (RH), air temperature (T), precipitation (P) and 

one-day delayed reservoir water level [RWL(t−1)] were 

selected as input variables and used. 

4.1 MLR Results 

In the MLR model, daily average relative humidity (RH), 

air temperature (T), precipitation (P), and the one-day 

lagged reservoir water level [RWL(t−1)] were used to 

predict the daily reservoir water level [RWL(t)]. The time-

series comparison between the observed and predicted 

reservoir water levels for the testing dataset is presented in 

Fig. 4, while the corresponding scatter plot is shown in Fig. 

5. 

 

Fig. 4: Comparison of the observed and predicted daily 

reservoir water levels obtained by the MLR model 
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Fig. 5: Scatter plot of the observed versus predicted daily 

reservoir water levels for the MLR model. 

According to the scatter plot (Fig. 5) and Table 1, the MLR 

model achieved an MAE of 0.0320 m, an RMSE of 0.0460 

m, and an R² value of 0.9970. These results indicate a high 

agreement between the observed and predicted reservoir 

water levels. As shown in Fig. 4, the predicted reservoir 

water levels closely followed the observed values 

throughout the testing period. Although minor deviations 

were observed during periods of relatively rapid water-level 

fluctuations, the MLR model successfully captured the 

overall trend in daily reservoir water-level variations. 

4.2 (IR) Results 

 

Fig. 6: Comparison between the observed and predicted 

daily reservoir water levels from the Interaction Regression 

(IR) model. 

 

Fig. 7: Scatter plot of the observed versus predicted daily 

reservoir water levels for the IR model. 

According to Table 1, the IR model achieved an MAE of 

0.0321 m, an RMSE of 0.0460 m, and an R² value of 0.9973. 

As illustrated in Fig. 6, the predicted reservoir water levels 

closely followed the observed values during the testing 

period. Furthermore, the scatter plot in Fig. 7 demonstrates 

a strong correlation between the observed and predicted 

reservoir water levels. 

4.3 Quadratic Regression (QR) Results 

 

Fig. 8: Comparison of observed and predicted daily 

reservoir water levels from the QR model. 
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Fig. 9: Scatter plot of the observed versus predicted daily 

reservoir water levels for the Quadratic Regression (QR) 

model. 

According to Table 1, the QR model achieved an MAE of 

0.0313 m, an RMSE of 0.0450 m, and an R² value of 0.9974. 

As shown in Fig. 8, the predicted reservoir water levels 

closely followed the observed values throughout the testing 

period. Furthermore, the scatter plot in Fig. 9 shows strong 

agreement between the observed and predicted reservoir 

water levels. Compared with the MLR and IR models, the 

QR model exhibited slightly better prediction performance, 

as indicated by its lower error values and higher coefficient 

of determination. 

4.4 Long Short-Term Memory (LSTM) Results 

 

Fig. 10: Comparison between the observed and predicted 

daily reservoir water levels from the LSTM model. 

 

Fig. 11: Scatter plot of the observed versus predicted daily 

reservoir water levels for the LSTM model. 

According to Table 1, the LSTM model achieved an MAE 

of 0.0326 m, an RMSE of 0.0460 m, and an R² value of 

0.9973. As shown in Fig. 10, the predicted reservoir water 

levels closely followed the observed values throughout the 

testing period. Furthermore, the scatter plot in Fig. 11 shows 

strong agreement between the observed and predicted 

reservoir water levels. Overall, the LSTM model provided 

reliable and accurate predictions of daily reservoir water 

levels. 

 

V. CONCLUSION 

In this study, daily reservoir water levels of Thurmond 

Reservoir, located on the Savannah River between the states 

of South Carolina and Georgia, USA, were predicted using 

daily average relative humidity (RH), air temperature (T), 

precipitation (P), and one-day lagged reservoir water level 

[RWL(t−1)]. A total of 1608 daily observations collected 

between 2017 and 2023 were used, with 1286 (80%) 

allocated to training and 322 (20%) to testing. The 

predictive performance of the Multiple Linear Regression 

(MLR), Interaction Regression (IR), Quadratic Regression 

(QR), and Long Short-Term Memory (LSTM) models was 

evaluated using the Coefficient of Determination (R²), 

Mean Absolute Error (MAE), and Root Mean Square Error 

(RMSE). 

The results showed that all developed models successfully 

predicted daily reservoir water levels with high accuracy. 

Among the evaluated models, the QR model achieved the 

best performance, with an MAE of 0.0313 m, an RMSE of 

0.0450 m, and an R² value of 0.9974. The IR and LSTM 

models also produced highly accurate predictions with 

similar performance, whereas the MLR model yielded 

satisfactory results despite its relatively lower prediction 
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accuracy. These findings demonstrate that both classical 

regression and deep learning approaches can be effectively 

applied to daily reservoir water level prediction. 

Furthermore, the proposed methodology may provide 

useful support for reservoir operation, water resources 

planning, and sustainable water resources management. 
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