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DAM LAKE WATER LEVEL ESTIMATION USING DIFFERENT
ARTIFICIAL INTELLIGENCE METHODS

Ozden Nur SENTURK **, Mustafa DEMIRCI*, Yunus Ziya KAYA? Hasan
GUZEL', Mustafa CALISICI?

ABSTRACT. Dam reservoir level estimation is important for the construction, operation,
design and safety of dams. In this study, dam reservoir level change estimations were
investigated using Multi Linear Regression (MLR), M5 Decision Tree (M5 Tree) and
Artificial Neural Network (ANN) models. Tuscaloosa Lake in Alabama, USA was
selected as the study area. In determining the daily dam reservoir water level , daily stream
flow and daily proecipitation height parameters were used. Models were analyzed using
graphical and statistical results. In the comparison of prediction models, performance
criteria such as corrletion coefficient (R), Mean Absolute Error (MAE) and Root Mean
Square Error (RMSE) were used. When the model results were examined; ANN methods
showed best performance in predicting the dam reservoir level change.

Keywords: Dam Reservoir Water Level, Prediction, Regression, Artificial Neural
Networks, M5 Tree.

INTRODUCTION

Accumulating and distributing water at the appropriate moment allows the dam
reservoir's water volume to be controlled. Effective dam reservoir management is
essential for both averting potential damages and ensuring a freshwater supply.
Determining the dam reservoir water volume and being able to forecast its
fluctuations are two fundamental requirements for the best possible management of
dam reservoirs.

Due to their ability to predict outcomes for non-linear problems, artificial
intelligence techniques known as "black box models" have become increasingly
popular in hydraulic and water structure planning in recent years (Demirci and
Baltaci, 2013; Demirci et al., 2015, 2019; Kaya et al., 2018; Tasar et al., 2017, 2018).
One such model is Artificial Neural Networks (ANN). Because artificial neural
networks can learn and generalize, they can effectively tackle complicated issues
(Ergezer et al., 2003). These days, a lot of research has been done on applying ANN
to many situations that are commonly encountered. Chitsaz et al. (2016) employed a
variety of estimate methods to forecast river flow and compared the outcomes of the
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adaptive neuro-fuzzy inference system (ANFIS), multi-layer perceptrons (MLP),
and generalized regression neural networks (GRNN). The outcome showed that
MLP performed better than GRNN and ANFIS. Demirci et al. (2018) used the
adaptive neuro-fuzzy inference system (ANFIS) to predict the capacity of dam
reservoirs. One of the decision tree algorithms is M5T. Regression, classification,
and decision trees are useful, non-parametric techniques that involve a lot of
computation (Rao et al., 2007). Only a small portion of published publications
employed decision trees to predict the dam reservoir capacity, demonstrating the
limited use of these tools in hydrology. Solomatine and Xue (2004) and Bhattacharya
and Solomatine (2005) demonstrated that M5T was a highly successful technique
for rainfall-runoff prediction. Goyal et al. (2013) developed reservoir operating rules
using ANN, fuzzy logic, and decision tree models (M5T). Sattari et al. (2013)
examined the possibility of daily stream flow using M5T for Turkey, Ankara, and
the Sohi River. The effectiveness of ANNs and an M5T model tree in Sattarkhan
Reservoir inflow prediction was examined by Esmaeilzadeh et al. (2017).

Estimating the Tuscaloosa reservoir lake level in Alabama, USA, is the goal of
this study. MLR, ANN , and M5T models were used to estimate the reservoir lake
level using precipitation, and flow data, and the models were compared with one
another.

METHODOLOGY

Study Area

Tuscaloosa Lake, which lies close to Tuscaloosa, Alabama, USA, is the study
site. (Figure 1). Tuscaloosa Lake, a reservoir in West-Central Alabama, was formed
by damming the North River. The reservoir was built for industrial use as well as to
supply water to Tuscaloosa residents. The lake was finished in 1970 at a cost of about
$7,725,000. When the population of Tuscaloosa swelled and its two previous
reservoirs, Lake Harris and Lake Nicol, could no longer store enough water, the city
developed the Tuscaloosa Reservoir Lake. A dam was built across the North River,
drowning the region that would ultimately form Lake Tuscaloosa. Due to the fact
that Tuscaloosa's expanding population started to use more water than its two
existing reservoirs, Lake Harris and Lake Nicol, could supply, Lake Tuscaloosa was
built.

The United States Geological Survey (USGS) provided the data used in this
investigation. The estimation models made use of the following variables: lake water
level (LWL, m), streamflow (Q, m?/s), and basin precipitation height (P, cm). The
Tuscaloosa reservoir's LWL variable's daily change from 2018 to 2021 was used.
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Figure 1. Study area

Multi Linear Regression (MLR)

Multiple linear regression is a method used to model the relationship between
dependent variables and more than one independent variable. It expresses the link
between the dependent variable and the independent variable by generating a linear
equation. This equation consists of a constant number and the coefficient of the
independent variables. We can estimate the dependent variable using the equation's
result.(Equation 1)

0 Yo = Bo+ B1x1 + B2x2 + -+ PuXn

In this equation “yo” represents dependent variable, “x1,X2Xs...IN"” represents
independent variables, “f1 , B2 , [3 ..[[n” represents independent regression
coeficence and “Bo” represents intercept.

Avrtificial Neural Network (ANN)

The Artificial Neural Network (ANN) is a computational model that represents
human brain cells. It outperforms other classic regression models in terms of
prediction ability. ANN models are made out of layers. The initial data is sent into
the input layers. Hidden layers handle inputs using weighted connections and
activation functions. The output layer generates the ultimate product. ANN structure
used in the study is shown in figure 2.
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Figure 2. ANN structure used in the study

M5 Decision Tree (M5 Tree)

Quinlan (1992) was the first to suggest the M5 Tree. This approach yields the
dependent variable's estimated value quickly, practically, and intelligibly. This
logical paradigm is flexible. It serves as a manual for handling numerical data and
missing values. It operates rather quickly and generates comprehensible, highly
accurate outputs at very high rates. Decision tree learning's strong and adaptable
operation, which can handle the demands of real-world data sets, explains this
circumstance. By continually splitting the sample space using tests on a single
feature that maximizes the variance in the target space, the M5T algorithm generates
a regression series. Essentially, decision trees come in two varieties: (1) The
most popular symbolic class for estimating a numerical attribute's value is a
classification tree. (2) Regression tree prediction (Witten and Frank, 2002).
Equation 2 provides the mathematical formula for determining the standard
deviation reduction (SDR).

SDR = sd(T) —E%sd(i"ij @)

3.RESULTS AND DISCUSSIONS

In this paper, ANN,MLR and M5 Tree methods were compared using the
following statistical criteria. The United States Geological Survey (USGS) provided
the data utilized in the models in this investigation. The estimation models made use
of the following variables: lake water level (LWL, m), streamflow (Q, m?s), and
basin precipitation height (P, cm). The daily variation in the Tuscaloosa reservoir's
data from 2018 to 2021 was used.
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Statistical preferences such as the correlation coefficient (R), Mean Absolute
Error (MAE), and Root Mean Square Error (RMSE) were analyzed and compared
for each model. MAE, RMSE, R values for ANN, MLR and M5 Tree are given in
Table 1.

Table 1. Comparison of all models

MAE RMSE

Model Model Inputs (m) (m) R

MLR Q(t) ve P(t) 0.057  0.073  0.637
ANN Q(t) ve P(t) 0.079  0.093  0.859
M5 Tree Q(t) ve P(t) 0.08 0.099 0.889

Figure 3 provides a graphic representation of the MLR model's performance.
There is a not good correlation between the estimated and observed values when
looking at the distribution and scatter graphs. It is examined the MAE, RMSE, and
R (0.057, 0.073, 0.637) in Table 1 and found that MLR models performed the
lowest when compared to other models. The outcomes of the evaluation of 3726
days' worth of data for ANN models were described as follows. Figure 4 displays
the ANN models' scatter and distribution graphs. The calculated values closely
match the real values when the distribution and scatter patterns are analyzed.
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Figure 3. MLR model (a)distribution and (b) scatter charts.

The benchmark values of R (0.079, 0.093, and 0.859), MAE, and RMSE are
displayed in Table 1. Overall, the outcomes of ANN models performed better than
MLR models, however they performed somewhat worse than M5 Tree models.
When the M5 Tree models are taken into account, Figure 5 shows that the
estimations of dam lake level are quite near to the actual data and that the
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determination coefficient is high. According to Table 1's MAE, RMSE, and R (0.08,
0.099, and 0.889) criteria, the M5 Tree model performed better than the other models
and had low error and good correlation.
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Figure 5. M5 Tree model (a)distribution and (b) scatter charts.
CONCLUSION

Multi Linear Regression (MLR), Artificial Neural Network (ANN) and M5 Trees
(M5T) models were used in this study to estimate the reservoir contents of the
Tuscaloosa dam. Precipitation, and discharge characteristics were used as model
inputs.

M5 Tree models outperform all other models in terms of dam reservoir volume
prediction based on its high correlation coefficient (R) and low amount of error
(RMSE, MAE) ratios, The MLR models performed the worst in the reservoir dam
volume prediction out of all the models. Performance of ANN models is preferable
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to that of MLR models. Comparisons, however, suggest that M5 Tree model
solutions can offer a more accurate match to the observed data.

The structure of artificial intelligience techniques incorporates the non-linear
dynamics of the problem in the entire data set, which explains why they are superior
to traditional methods in this study for reservoir volume prediction.
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