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Abstract
Due to its topographical characteristics and its particular
hydrometerelogical regime, Colombia has long extensions
susceptible of flooding; considering this situation, in this
article a system based on artificial neural networks is
proposed to model and predict the water level in the river
system.
The variables used in this model include: historical water level
data in different stations, rain season and La Niña or El Niño
phenomenon. The results showed a good system performance.
Keywords: Artificial Neural Network, Water Level, Flood,
Prediction.

experience and its capability to make decisions based on its
perceptive and computational limitations [4].
Artificial Neural Networks are defined as processing systems
of information which functioning are inspired in biological
neural networks; they are composed by a set of simple
processing elements called nodes or neurons that have
connections with a specific weight [5].
Figure 1 shows an artificial neural network that simulates the
inputs, weights and output of an activation function [6] where
each input is assigned a weight that is subsequently added to
use the activation function; in this way the neurons have the
ability for pattern recognition [7].

INTRODUCTION
Due to its topographical characteristics and its particular
hydrometereological regime, Colombia has long extensions
susceptible of flooding, especially in the lower regions of the
basins and the valleys of main rivers such as Magdalena,
Cauca, Atrato and Putumayo [1]. According to DesInventar
database information (OSSO and EAFIT Corporation, 2011)
in most of the national territory the predominant historical
losses are caused by floods [2].
Artificial Neural Networks (ANN) will be used as a base to
create the predictive system; those are information processing
systems whose structure and functioning are inspired in
biological neural networks [3]. It is noteworthy that the ANN
have been used in the last years in diverse fields with
predictive purposes such as financial and economic modeling,
market and customer profiles, medical applications, industrial
process optimization and scientific research.
Consequently, a Neural Network Autoregressive with
Exogenous Input (NN-ARX) will be implemented to model
and predict the river system water level. The system could be
useful for predicting floods that can affect productive
activities like agronomy and livestock; as well as it could be
used to avoid damaging in the energetic industry and transport
infrastructure.

FRAMEWORK
Neural Networks
An agent is defined as entity that acts in an environment and it
is described as intelligent when it makes appropriate actions to
the circumstances and the goals set; other characteristics are
its flexibility to changes in the environment, its learning from

Figure 1. Artificial Neuron [8].

The multilayer perceptron is the simple perceptron
generalization; in 1969, Minsky and Papert [9] demonstrated
that the combination of some simple perceptrons, that is, the
inclusion of hidden neurons, could be a suitable solution to
solve non-linear problems.
In spite of Minsky and Papert research did not demonstrate
how it was possible to adapt the weights from the input layer
to the hidden layer, the idea of combining simple perceptrons
worked as a base of the subsequent studies made by
Rumelhart, Hinton and Williams in 1986 [10]. They presented
a form of back-propagation of the errors measured in the
output of the network to the hidden neurons, giving rise to the
generalized delta rule.
The multilayer perceptron allows connecting the input and
outputting variables of the network, this relation is obtained
by the forward propagation of the input values. For this
purpose, each neuron processes the information received and
produces a response or activation that is propagated through
the links to the neurons of the subsequent layer [11].
An example of a multilayer neural network is shown in
Figure 2.
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Figure 2. Multilayer Neural Network.

Recurrent Neural Networks (RNN) are networks that can
process sequential data; this is possible due they have
feedback paths between their elements. Therefore, a neuron is
connected to all the previous and/or subsequent neurons
through weights vectors that are altered in every epoch (time
period to train the network) in order to reach the target values
[12].

PROPOSED SYSTEM
The data used in this study was taken from some stations of
the Magdalena River for instance Aguadas, Barbosa and
Palenquito, the samples were gathered between 01/01/1997
and 31/12/2015.
The chosen inputs for the proposed system are presented in
the block diagram Figure 3.
- Signal delays: 2, 3 and 5 delays for time series were tested.

NATURE OF FLOODS
A flood occurs when the water reaches a piece of land that is
normally dry. The most common way that this happens is a
river flooding, which can happen when excessive rain makes
that water exceeds the river bank and it extends through the
adjacent called alluvial plain.
Most of floods take hours or even days to develop, giving the
residents time to be prepared or to evacuate. Other type of
floods are generated quickly and with few warning signs,
these ones can be extremely dangerous because of their
sudden nature, they can convert a stream in a water wall
capable of destroying all within its way.
However, if it is known approximately how much rain falls in
a specific zone and the moment in which changes the level
river start is registered after the rainfall, an alert can be
generated before the flood happens [13].

- Station coding: Depending on which data belong on which
station, each one of the stations was coded with a weight of 1
when the data was associated with it and with a weight of 0 if
it was not.
- Season of the year: The season in Colombia varies
approximately in the following way:

Table 1. Seasons in Colombia.
Season
Strong summer
Strong winter
Weak summer
Weak winter

Months
December, January and February
March, April and May
June, July, August
September, October and November

Each one of the seasons has an associated weight, depending
on the month that the data belongs to.

Measurement of the River Level
The monitoring of the rain measurements and the level of the
rivers and ravines, through rain gauges and hydrometric
scales, respectively, allows knowing the hydrological
conditions which can unleash in a flood. The rain gauges
provide information of water volume that is on the soil (fallen
rain), while the hydro-metric scales provide information about
the increase on the water level in the water bodies.

- El Niño or La Niña phenomenon: These phenomena affect
the quantity of rain fallen in a period of time; therefore, it
affects the river system water level.

Rain Gauges The necessary amount of rain gauges depends
on the local conditions of each minor basin. For example,
mountainous areas require more rain gauges than at areas.
Limnimeters The limnimeters are rules that allow reading the
height of water in the rivers and ravines. This rule has to be
long enough to measure the river level even when it is very
high [14].

Figure 3. Neural Network inputs and output.

The output of the system is the river level (normalized) for the
respective station.
The design of the neural network with the considered inputs
and one output using two layers is shown in Figure 4.
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Figure 4. Neural Network Diagram.

(MSE) which is

RESULTS
The number of delays and neurons in the hidden layer were
considered in order to design and train the neural network.
The activation functions that were used are logsig for the
hidden layer and satlin for the output layer. The
configurations are shown in Table 2. 70% of data was used for
training and 30% for testing.

(1)
Where N is the number of total data, yr real data and ys
simulated data.
The stats results for validation data are shown in table 4.

Table 2. Configurations Considered.

Table 4. Stats results for validation process.

Taking into account the random Initialization of NN the
training process is performed 20 times for each case, the stats
of data obtained during this development are in Table 3,
where the maximum and minimum value obtained are shown,
in addition to the mean and standard deviation (STD). This
table shows the best performance value in each case
considered, where case 9 is chosen as the best configuration
(best minimum value) for the neural network consequently for
the system.
Table 3. Stats results for training process.

The simulation using the best case for Aguadas, Barbosa and
Palenquito station is shown in Figures 5, 6 and 7, where is
observed a good adjustment of data.

The performance function used is the Mean Square Error

Figure 5. Results of Station 1 simulation.

14380

International Journal of Applied Engineering Research ISSN 0973-4562 Volume 13, Number 19 (2018) pp. 14378-14381
© Research India Publications. http://www.ripublication.com
REFERENCES

Figure 6. Results of Station 2 simulation.

[1]

Banco Interamericano de Desarrollo, Indicadores de
Riesgo de Desastre y de Gestin de Riesgos, 2015.

[2]

A. Campos, N. Holm, C. Daz, D. Rubiano, C. Costa, F.
Ramrez, E. Dickson, \Anlisis de la Gestin del Riesgo de
Desastres en Colombia", 2012.

[3]

G. H. Bazan and P. R. Scalassara and W. Endo and A.
Goedtel and R. H. C. Pala-cios and W. F. Godoy,
\Stator Short Circuit Diagnosis in Induction Motors
Using Mutual Information and Intelligent Systems",
IEEE Transactions on Industrial Electronics, 2018.

[4]

S. Russell, P. Norvig, \Inteligencia Arti cial, un
enfoque moderno", Pearson, Ter-cera Edicin, Madrid,
Espaa, 2009.

[5]

F. Lara, \Fundamentos de Redes Neuronales Arti
ciales", Laboratorio de Cibern-tica Aplicada Centro de
Insrumentos UNAM, Mxico DF, 2016.

[6]

J. Arrieta, J. Torres, H. Velsquez, Predicciones de
modelos economtricos y redes neuronales: el caso de la
accin de SURAMINV, Semest, Econmico vol. 12, pp.
95109, 2009.

[7]

F. Prez, H. Fernndez, Las redes neuronales y la
evaluacin del riesgo de crdito, Revista Ingeniera,
Universidad de Medelln, pp. 7791, 2007.

[8]

N. Torres, C. Hernandez, L. Pedraza, \Redes
neuronales y prediccion de tra co", Revista Tecnura,
vol. 15, no. 29, 2011, pp. 90-97.

[9]

M. Minsky, S. Papert, L. Bottou, \Perceptrons:An
Introduction to Computational Geometry", The MIT
Press, 2017.

[10]

Y. Yang, Z. Wu, Q. Xu, F. Yan, \Deep Learning
Technique-Based Steering of Autonomous Car",
International Journal of Computational Intelligence and
Ap-plications, p. 1850006, 2018.

[11]

J. Prez, \Herramienta Matlab para la Seleccin de
Entradas y Prediccin Neuronal de Valores de Bolsa",
Universidad de Sevilla, 2012.

[12]

D. Wickramasuriya, C. Perumalla, K. Davaslioglu, R.
Gitlin, \Base station pre-diction and proactive mobility
management in virtual cells using recurrent neural
networks", MIT Press, 2017.

[13]

H. Noor, D. Ndzi, G. Yang, N. Safar, \Rainfall-based
river ow prediction using NARX in Malaysia", 2017
IEEE 13th International Colloquium on Signal Processing its Applications (CSPA), pp. 67-72, 2017.

[14]

J. Hernndez-Nolasco, M. Ovando, F. Acosta, P.
Pancardo, \Water Level Meter for Alerting Population
about Floods", 2016 IEEE 30th International
Conference on Advanced Information Networking and
Applications (AINA), pp. 879-884, 2016.

Figure 7. Results of Station 3 simulation.

Cases 1 and 9 show the worst configurations that can be
performed for the neural network considering the maximum
MSE value. It is also considered that case 4 is a valid option
for testing with that configuration because it has a better
average value than the other 8 cases.

CONCLUSIONS
From the analysis of information obtained using the data
dataset, it is possible to create a predictive system.
The stats of the neural network training enabled to analyze the
performance obtained for considered cases, choosing the
configuration of case 4, also the case 2 is an option to be
considered, and additionally test cases 1 and 9 are not
recommended because of their poor performance on tests.
In a future work it is considered to use a neuro-fuzzy system
to implement the same model.

14381

