
International Journal of Advanced Computational Engineering and Networking, ISSN: 2320-2106,  Volume-3, Issue-8, Aug.-2015 

 Generalized Regression Neural Networks For Reservoir Level Modeling 
 

81 

GENERALIZED REGRESSION NEURAL NETWORKS FOR 
RESERVOIR LEVEL MODELING 

 
1FATIH UNES, 2MUSTAFA DEMIRCI 

 
1,2Iskenderun Technical University, Civil Engineering Department, Hydraulics Division, 31040, İskenderun, Hatay-Turkey 

E-mail: 2demircimustafa97@gmail.com 
 

 
Abstract-Reservoir level modeling is important for the operation of dam reservoir, design of hydraulic structures, 
determining pollution in reservoir and the safety of dam. In this study, daily reservoir levels for Millers Ferry Dam on the 
Alabama River in USA were predicted using Generalized regression neural networks (GRNN). The results of the optimal 
GRNN models were compared with conventional multi-linear regression (MLR) model. The models are compared with each 
other according to the three criteria, namely, mean square errors, mean absolute relative error and correlation coefficient. 
The comparison results show that the GRNN models perform better than the MLR model. 
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I. INTRODUCTION 
 
Estimating of reservoir water level at various time 
intervals using the records of past time series is an 
important issue in water resources planning and 
engineering problems. Variations in reservoir level 
are complex outcomes of many environmental 
factors, such as precipitations, direct and indirect 
runoffs from neighbor catchments, evaporation from 
free water body, air and water temperature, and 
interactions between the reservoir and the low lying 
aquifers (Üneş et al. (2015).  
Although it is possible to identify sophisticated 
models taking into consideration the aforementioned 
parameters, it is preferable that a model which 
simulates lake-level variations based on previously 
recorded lake levels be available for research as well 
as practical purposes. 
The use of artificial intelligence techniques has been 
accepted as an appropriate tool for modeling complex 
nonlinear phenomena in hydrology and water 
resources systems. Makarynska and Makarynskyy 
(2008) used artificial neural networks (ANN) to 
predict hourly sea-level variations with warning times 
from 1 to 5 days. Cimen and Kisi (2009) applied 
SVM and ANN models in modeling lake-level 
fluctuations. Unes (2010a) used ANN model for 
predicting reservoir level fluctation. Unes (2010b) 
predicted plunging depth of density flow in dam 
reservoir using the ANN technique. 
The GRNN is a universal approximator for smooth 
functions, so it is capable of solving any smooth 
function approximation problem (Disorntetiwat, 

2001). However, this problem was not faced in 
GRNN simulations (Cigizoğlu, 2005). The GRNN 
does not require an iterative training procedure as in 
the back-propagation method explained by Specht 
(1991). The local minima problem was not faced in 
GRNN simulations. For these reasons, the GRNN 
was preferred instead of feedforward back-
propagation method. In the present study, forecast of 
daily reservoir levels are investigated the abilities of 
GRNN and multi-linear regression (MLR) techniques 
in different lag time steps.  
 
II. MATERIALS AND METHODS 
 
2.1. Case study 
In this study, daily reservoir level records of Millers 
Ferry Dam on Alabama River at the California in 
USA were used (Fig. 1). The time-series data of 
Millers Ferry Dam station at California (USGS 
Station No. 02427505, Latitude 32°06’02”, longitude 
87°23’57” operated by the US Geological Survey 
(USGS), were used in the study.  The drainage area at 
this site is 20.637 mi2 (square miles). The gauging 
station datum is 40 m above sea level. For this 
station, daily time series of lake levels were 
downloaded from the web server of the USGS. 
Data sample consists of 6 years (from 1 October 2006 
to 19 December 2012) of daily reservoir level 
records. For each model, the first 1461 daily levels 
data were used for training, the remaining 811 daily 
levels data were used for testing. Table 1 represents 
the statistical parameters of used data during the 
study period.

 
Fig.1 a) Millers Ferry Dam map b) Location of Millers Ferry Dam in USA 
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Table.1 Statistical parameters of applied data set 
during the study period. 

 
 
Xmean Xmax, Xmin, SX, CV and CSX denote the 
mean, maximum, minimum, standard deviation and 
skewness coefficient, respectively. 
 
2.2. Generalized Regression Neural Networks 
(GRNN) 
The GRNN architecture (Specht, 1991) subsumes the 
radial-basis function (RBF) method. It approximates 
any arbitrary function between input and output 
vectors, drawing the function estimate directly from 
training data. It looks much like the common 
feedforward topology used with back-propagation 
training; however, its operation is fundamentally 
different.  
 
The GRNN is based on nonlinear regression theory 
for function estimation. The training set consists of 
values of inputs x, each with a corresponding value of 
an output y. This regression method produces the 
estimated value of y, which minimizes the squared 
error. 
 
2.3. Multi-Linear Regression (MLR) Model 
MLR is a method used to model the linear 
relationship between a dependent variable and one or 
more independent variables, and also used to 
(understand which among the independent variables 
are related to the dependent variable, and to) explore 
the forms of these relationships.  
 
Although dam reservoir density flow problems are a 
nonlinear problem, statistical MLR model is 
developed to compare the other models. If there are m 
independent variables and one dependent variable, in 
general the multi-linear regression equation can be 
written as, 
 

Where y is a linear combination of the parameters, 
bm's are the constants of regression equation, e is the 
residual term, and the subscript i indexes a particular 
observation. The training and testing data groups used 
for the models are also used for MLR models.  

III. RESULTS OF MODELS 
 
The present study aims to forecasting of reservoir 
level fluctuations by GRNN and MLR  models. 
Several input combinations are constructed to 
forecast reservoir levels based on partial 
autocorrelation function analysis. Lt represents the 
daily lake levels at the time t. The input combinations 
present the previously recorded daily lake levels (Lt-5, 
Lt-3 and Lt-1).  
 
Considering the correlation analyses and GRNN and 
MLR  model was used to evaluate the degree of effect 
of each variable and to select the most effective input 
vectors. The following combinations of input data 
were evaluated: (i) Lt-1, (ii)  Lt-3, Lt-2, and Lt-1 (iii) Lt-5, 
Lt-4, Lt-3, Lt-2, and Lt-1. In all cases, the output layer 
has only one neuron, the reservoir level Lt for the 
current day. 
 
3.1. Prediction of reservoir level fluctuations of the 
Millers Dam  
The difference in statistical properties of the training, 
and testing data is infinitesimal and can be considered 
insignificant. MSE and MAE values of MLR model 
for various lead times during the test period are 
shown in Table 2. Using Lt-1 as the only input 
variable resulted in less accurate simulations with 
MSE=0.0068 m and MAE=0.0602 m, while the input 
combination Lt-5, Lt-3, and Lt-1 gives the best results 
with MSE=0.0060 m and MAE=0.0567 m compared 
to others. Thus, the MLR application indicates that 
introducing reservoir water levels up to Lt-5 
significantly increases the modeling accuracy, while 
adding more variables does not noticeably affect the 
prediction accuracy.  
 
The GRNN model whose inputs are the current 
reservoir level as well as five previous reservoir 
levels (five-input GRNN) produces the best results 
among other input combinations.  
 
Table 2 represents the GRNN and MLR results of 
daily dam reservoir level forecasts with various input 
combination for the testing periods. In the present 
study, each input combination was applied for 
introducing the models to produce good predictions. 
Fig. 2 shows the observed and simulated reservoir 
level values for Lt-1 input combination produced by 
the optimal GRNN and MLR models during the 
testing period.   
 
GRNN model performs better than the MLR model in 
terms of the R, MSE and MAE statistics, in the test 
period. Fig. 2 shows that the GRNN1 model has less 
scattered predictions than the other models and 
provided the highest R coefficient (0.862) for the Lt-1 
input combination. The overall evaluation of the 
MLR model gives similar accuracy. 
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Table. 2 Comparison of different models with MSE, MAE and R for testing period 

 

 
Fig. 2. Observed and predicted reservoir levels for Millers Dam in the test period a) MLR 1,  b) GRNN 1 

 
Having selected the optimal input combination 
GRNN3  and MLR models were applied to forecast 
dam reservoir levels (see Table 2). Fig. 3 displays the 
observed and simulated reservoir level values for Lt-3, 
Lt-2 and Lt-1 input combination produced by the 
optimal GRNN and MLR models during the test 
periods. The overall evaluation of the all methods 
reveals that GRNN model performs better than the 
MLR model. The test results also indicate that 
increasing input combination leads to little increase in 
the model accuracy. The R increases from 0.887 to 
0.893 for the GRNN, from 0.792 to 0.800 for the 
other models (Fig. 3). 

The predictions of different input combinations for 1-
day ahead show that the model accuracy increases 
with different input combinations. Fig. 4 provides the 
scatter plots of the observed and simulated dam 
reservoir levels during the GRNN5 test periods. As 
seen from Table 2, GRNN5 model has the smallest 
MSE (0.0032 m), MAE (0.0415 m) and the highest R 

(0.893) for five-input combination during the test 
period. According to the entire model results, GRNN 
singles out as having very small MSE, MAE and high 
R values for the same input combination. 

 

 
Fig. 3. Observed and predicted reservoir levels for Millers Dam in the test period a) MLR3,  b) GRNN 3 
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CONCLUSIONS 
 
Predicting dam reservoir level fluctuations is of 
importance for planning and constructing lake coastal 
structures and other industrial operations as well as 
water resources integrated management. In the 
present study, dam reservoir level observations from 
the Millers Ferry Dam in USA were forecasted by 
using GRNN and MLR models. The following points 
can be drawn from the study. 
The presented GRNN model provides better estimates 
of the reservoir level fluctuations than the MLR 
model. 

The multi-linear regression model did not reach the 
desired accuracy in the problem and it can not 
provide a good prediction for reservoir levels.  
The GRNN correctly adapts to the changing input 
conditions, such as water demand policy changes in 
the reservoir operation. The advantages of the GRNN 
over conventional methods in the prediction of 
reservoir levels can be explained by saying that 
GRNN structure includes the non-linear dynamics of 
the problem in the whole data set. 
When an GRNN model is developed for a specific 
region, the model can be quite helpful in the water 
resources management studies. Finally, these results 
show that GRNN is a useful alternative method for 
dam reservoir level prediction. 

 

 
Fig. 4. Observed and predicted reservoir levels for Millers Dam in the test period a) MLR5,  b) GRNN5 
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