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Application of ANN to Prediction of Water Level in Chi River Basin
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Abstract

The objective of this study is to prediction of water level in Chi River basin under incomplete rainfall data by
using Artificial Neural Network (ANN). The study has been carried out at Chi River Basin, located on
Northeast, Thailand. By using two-layer Multilayer Perceptron (MLP) with modified backpropagation feature of
newly developed ANN model, the missing rainfall data could be estimated with 96.6% accuracy. The
estimated missing data was then used in the regular process and predicted water levels were obtained. An
84.9% accuracy of water level predictions was achieved from the process with estimated missing data while
only 6.99% accuracy was obtained from the same process without missing data. It can be suggested from
the obtained results that the ANN is still an effective tool in water level prediction no matter what the rainfall
data is complete or not. The model developed in this study should be one of high potential methods used

among worldwide hydrologists in future.
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1. Introduction

Thailand possesses twenty-five main basins
and three of them located in Northeastern area.
Chi River basin is interesting one. This basin is
main part of Chi River; the longest river in
Thailand (about 765 km long), originates from
Phetchabun mountains and flows through many
provinces such as Chaiyaphum, Khon Kaen,
Maha Sarakham, Roi Et, Yasonthon until joins the
Mun river at Sisaket provinces. The river has
been estimated to carry approximately 9,300 cubic
kilometers of water per year. It covers an area of
about 49 square kilometers. The average rainfall
in this area was about 1,200 mm per year (range
from 1,000 to 1,600 mm/year). It was known that
the amounts of rainfall were obviously influenced
by the northeast and southwest monsoons which
cause rain in this area during May to October
every year. It was known that floods always
occurred in this area during heavy rainfall periods
which the significantly high rainfall amounts have
been estimated as 2-3 years interval.
Two kinds of flood (overflow and stagnate) usually
and downstream,

appeared at upstream

respectively. Cause of overflow flood is that
amounts of influence water is very much higher
than effluence and accumulated water is over
than basin capacity while the cause of stagnate
flood is that the effluence water is obstructed by
high water level of river end (Mun river) which the
effluence cannot be drained out adequately. The
floods around the Chi River basin are annually
occurred and cause many disasters both to
residential and agricultural areas, in particular
most of plain lands. The flood also reduces any
agricultural production even in survive areas. In
addition to property and life and farm damages;
the floods also destroy the forest in form of

diversity, population, and ecology.

Together with artificial deforestation, losing of
forest also causes next flooding more and more
sever. Moreover, there are many constructions,
especially transportation structures, rise along the
Chi River. These constructions are known to
obstruct water drainage and reduce drainage
efficiency of the river. From historical information,
the most severe floods occurred in 1978, 1995,
2000, and 2001.

In order to protect or relieve the disaster,
accurate water level forecasting may be vital
solution. It will allow people more time to protect
their properties, escape to safer place, and avoid
as much damage as possible. Anyway, there was
also forecasting procedure available so far.
However, it worked with quite low accuracy due to
incomplete water rainfall data existed. This
because the existing forecasting system composts
of eleven rainfall stations and only one water level
station distributed over the basin. So, the
complete water rainfall values were not possible
to measure with reliable amounts. The objective of
this study is to establish water level prediction
rainfall

under incomplete

Neural Network (ANN). The location of the basin

data using Artificial

is depicted in Figure 1.
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Figure 1. The study area
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2. Methodology

Artificial neural networks are a computational
tool that is able to capture and represent complex
input/output Relationships1’2’3'4’5 Thus, these
properties of ANN are well suited to the problem
of weather forecastingG'7’8'9. In briefly, the
algorithm in three steps was used to develop the
ANN model for water level forecasting under
incomplete rainfall data. Firstly, the rainfall and
water levels were predicted using conventional
ANN procedure. Secondly, new ANN model was
developed. Finally, the water level was predicted
again using such developed ANN model. All three
steps were described below.

2.1 Rainfall and water level prediction using
ANN model

The first step began with  ANN model
selecting. A two-layer Multilayer Perceptron (MLP)
backpropagation network "2 (see in Figure 2)

was chosen in this study.

Hidden

Layers

Output
Layer

Input

Layers

Figure 2. The Multilayer Perceptron

The network works by feeding input data to
input nodes. After processed in hidden nodes
which the data was multiply by a certain weight,
bias would be excluded from data and results
were sent to normalize using a non linear transfer
function in order to adjust the interconnection

weights using proper training algorithm. At this

point, different transfer functions, tangent sigmoid
for backpropagation procedure with in hidden
layer and pure linear transfer for output layer,
were also used in hidden and output layers in
order to try out for the best ANN structure which
would be used over the study. The same
operation was repeated again at the output node.
This is a kind of popular backpropagation learning
methods mentioned artificial intelligent areas and
this simulation technique has been proven as one
of outstanding

forecasting performance in

hydrology area and favor for most hydrologists
13,14,15,16 All

MATLAB

calculations were carried out
17,18,19,20,21

by

program Eventually, all
network performances were measured in form of

correlation coefficient (R).

Z[[Q _Q"‘J[QS _QSD _
(Zle-a[z]ee]

R=

Il
=]

Actual value of rainfall/ water level

Simulated value of rainfall/ water

©
|

level
N = Average of actual value of rainfall/
water level

= Average of simulated value of

O

rainfall/ water level

2.2 Prediction of rainfall missing

All rainfall data was recorded at the same
gauging station located beside Chi River. Two
techniques were used to predict for data missing,
normal ration and ANN. Normal ratio method
began with estimations of rainfall missing values
from concurrent observations of the sites that both
close and away from the station (see in equation

2).
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PR R B R
N, n{N, N, N, N,
Where;
PX Missing rainfall for station X
P.P,,P,,P, = Rainfall at neighboring
station for the
concurrent period
NX = Normal long-term rainfall at
station X
N,, N,,N,, = Normal long-term rainfall for
N neighboring

station

The ratio of normal annually rainfalls were

obtained from interpolation and index values

(weighting factor). This technique gave more

satisfy value than formally straight average

technique. Artificial Neural Network (ANN)
developed in this study was trained with different
learning algorithms, learning rates, and number of
neurons in hidden layer to optimize the condition
and obtain more reliable results. There are three
different  backpropagation

the

learning algorithms

involved in training procedure; Resilient

Backpropagation  (trainrp), Fletcher-Reeves

Conjugate  Gradient (traincgf), and Scale

Conjugate Gradient (trainscg). The Resilient
Backpropagation (trainrp) bases on the approach
that the effects of small magnitude gradient will be
eradicated from inputs as the magnitudes have
very least effects on weighted data.

Only the weighted data was used to determine
the data direction by using sigmoid transfer
function. The trainrp algorithm looks faster and
than the standard descent

easier steepest

algorithms.  For  Fletcher-Reeves  Conjugate

Gradient (traincgf), this algorithm converges in

less iteration than trainrp does, but each of
iteration requires more complicate processing. In
generally, the conjugate gradient algorithms
usually take shorter time then variable learning
rate backpropagation in calculation and they can
be even faster than trainrp. Moreover, this
algorithm needs only smaller storage space than
other simple algorithms so that it is usually used
in networks with high throughput weighting tasks.
For the third algorithm used in hidden layer,
Conjugate Gradient (trainscg), it has been
designed to avoid line searching which is time
consuming step. Thus, this point make it differs
from other conjugate gradient algorithms which
need line searching in their iteration procedures.
However, the routine of trainscg usually requires
more iteration to converge, but this may be
compensated by significantly decrease in number
of computation in each iteration.

In addition to three algorithms mentioned
above, the process inside the hidden layer also
composted of learning rate applications which
were ranged from 0.20 to 0.80. This setting would
affect overall network during the simulation took
place. The number of neurons in the hidden layer
was adjusted after trial and error step in order to
find out an adequate number of neurons in
supporting or withhold complex input elements of
hidden layer. The proper numbers were 20, 40,
60, 80, and 100. Next, daily rainfall data from year
2007 to 2011 was trained and test. Finally, the
missing rainfall data (of one station interpolated
with other 5 stations nearby at specified date) was
obtained from the output. The model equation of

this study was shown in equation 3.

PO=f[R(1).R(t).R(1).P(1).R(t)] @

Where;
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P Rainfall at station X (missing)

Nye)
wUJ
1

Rainfall at 5 neighboring

stations

2.3 Water level prediction

A model used to modify ANN was described
elsewhere. The input node consists of antecedent
water level, antecedent rainfall, and current rainfall

processors (see in equation 4).

P(t-4),P(t-3),P(t-2),P(t-1),

)W (t-4) W (t-3) W(t-2), )

Where;

t = Time (days)
P = Rainfall

W = Water level

The water levels of current dates were the

expected outputs. The rainfall missing values
previously estimated were used to predict the
water level of Chi River. Three different set of
input data were developed at this step and
designated as Set A, B, and C. The estimated
missing data of Set A were predicted by using the
normal ratio method and incorporated into rainfall
data which was used to estimate the water levels
in developed ANN model. In Set B, the developed
ANN model was used to estimate both rainfall
missing and water levels from whole data set. For
Set C, all missing data was excluded and only
remained data was used in prediction.

Predicted missing rainfall values earlier are
used to predict water level of Chi River Basin. A
total of 3 different sets of input data were
developed, namely Set A, B and C. For set A,

missing rainfall data are predicted using Normal

ratio method. Data for set B utilized ANN to
predict its missing rainfall, where as in set C,
predictions were not made to missing data.
Parameters of the recommended network from

Bessaih12 are tabulated in Table 1.

Table1 Recommended ANN model for daily water

level prediction from

No. of nodes in hidden layer 20
Antecedent time 5 days
Learning Algorithm Trainscg

Learning Rate 0.80

3. Result and Discussion
3.1 Prediction of rainfall Missing

The trainrp was proven in this study as the
best algorithm in prediction of rainfall missing

under given simulation (see in Table 2).

Table 2 Comparison of different learning algorithm

Used
Learning R (Training) R (Testing)
Algorithm
Trainrp 1 0.966
Traincgf 1 0.903
Trainscg 1 0.951

The prediction result gave high correlation
value during simulation process. No significant
effect on simulation process was found from
various learning rate introduction into the network
system. All given values could be able to
converge in both training and testing phases.
Nevertheless, the simulation using larger learning
rates caused the convergence process slow down
and was regarded as unsatisfactory running.
Thus, the smallest learning rate suitable to the
network is 0.20. The simulation of rainfall missing

estimation using ANN was dealt with 20 to 100
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neurons within hidden layer and the result
indicated that ANN fed with 60 neurons gave the
highest correlation value (see in Table 3 and
Table 4). It was found that the backpropagation
feature of ANN model developed in this study
worked very well in the simulation as the rainfall

missing prediction gave up to 96.6% accuracy.

Table 3 Optimum parameters for missing

rainfall prediction

as higher correlation value obtained. It was clearly
seen that the ANN model could better predict both
missing values and water levels than normal ratio
method. Eventually, the simulation under
estimated missing values excluding gave inferior
result than the simulation with such values

existing.

Table 5 Performance of ANN in water level

estimation of Sets A, B and C

No. of nodes in

hidden layer

60

Learning Algorithm

Trainrp (Resilient

Backpropagation)

Learning Rate

0.20

Table 4 Influence of number of neurons in hidden

Layer
Number of R (Training) R (Testing)
Neurons
20 0.996 0.915
40 0.998 0.896
60 1 0.966
80 1 0.898
100 1 0.911

3.2 Prediction of water levels

Both estimation of rainfall missing and
prediction of water levels using developed ANN
model (Set B) gave highest correlation value
(0.849) followed by Set A (0.831). The lowest
correlation value was found in Set C (0.699) (see
in Table 5). The developed ANN model worked
well at least for Chi River model in studied time
period. Furthermore, the Set B model also gave
highest correlation values in water level prediction.
It was suggest that the incomplete dataset
modification by incorporation of estimated missing

data improve whole dataset reliability and usability

Set R (Training) R (Testing)
A 1 0.831
B 1 0.849
Cc 1 0.699

4. Conclusions

It can be concluded from the results that ANN
model developed in this study was proven as
reliable and effective tool in forecasting. It not only
works efficiently in rainfall-missing data estimation
but also gives high accuracy in water level
prediction at least for Chi River model. It can be
said that this new developed ANN model is an

important step for advances of the water resource

engineering.
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