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Abstract: - Runoff simulation and forecasting is essential for planning, designing and operation of water resources
projects. In the present study, the rainfall — runoff process is modeled using empirical methods such as simple time -
series (STS) and linear autoregressive (ARX) models and compared with Artificial Neural Networks (ANNS). It also
explores the improvement in the performance of neural networks by combing them with empirical methods. The study
uses the monthly data at Sriramsagar, Mancherial and Polavaram gauging sites of Godavari basin of India. The ANN
models, because of their nonlinear modeling capability, outperformed the empirical approaches. The study also
reveals that the performance of ANN models in the simulation and forecasting of monthly runoff during monsoon
period can be improved considerably by including the residuals derived from STS and ARX models as additional
inputs together with rainfall.
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1. Introduction Thandaveswara [19], Tokar and Markus [25],

o ) ) Thirumalaiah and Deo [23], Imrie et al. [10],

Accurate estimation of runoff in streams is Elshorbagy [5], Zhang and Govindaraju [28]

essential for the development, regulation and efficient Birkundavyi et éu_ [2], Rajurkar et al. [17] Senthii

management of water resources for different activities kumar et al.[20], Wu ,et al. [26], Nilsson et, al [16]
such as irrigation, water supply, hydropower Garbrecht [7] and Archama Sakar et al. [1] ).

development, land drainage and flood control. The
process of transformation of rainfall into runoff over a
catchment is complex, nonlinear and exhibits both
temporal and spatial variability. The models developed
to simulate the process can be categorized as
empirical, conceptual and physically based distributed
models. However, these models fail to represent the
inherent nonlinear dynamics in the process of rainfall
runoff transformation. The Artificial Neural
Network (ANN) technique which is capable of
representing complex nonlinear process has been
applied in the recent years, as a successful tool, in the
rainfall — runoff modeling.

A number of researchers have investigated the
capability of artificial neural networks in the rainfall —
runoff modeling process ( Halff et al. [8], Zhu et al.
[29], Karunanithi et al. [12], Smith and Eli [22], Hsu et
al. [9], Minns and Hall [14], Jayawardena and
Fernando [11], Shamseldin, [21], Fernando and
Jayawardena [6], Dawson and Wilby [4], Tokar and
Johnson [24], Campolo et al. [3], Sajikumar and

In the recent rainfall — runoff modeling
studies, different algorithms and transfer functions
were proposed to make the ANN training more
effective and efficient. The performance of ANN
models was improved with addition of input variables
and compared with that of conventional models. The
models were coupled with black box and conceptual
techniques to enhance their modeling capability. The
neural based stochastic, geographical information and
fuzzy inference systems were also developed for
hydrologic prediction. The present study aims to
compare the empirical models such as simple linear
time - series(STS) and linear autoregressive(ARX)
models with ANN models. An attempt is also made to
combine these models in order to enhance the
forecasting ability of ANN models in the simulation
and estimation of monthly runoff during monsoon
period at Sriramsagar, Mancherial and Polavaram
gauging sites of Godavari basin of India.
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Polavaram of Godavari basin of India. A brief
description of the gauging sites is presented in Table 1.
The locations of influencing rain gauge stations and

2. Study Area and Data Generation

The stream gauging sites selected for the

Table 1 Brief Description of Gauging Sites
Temperature Cat;:?er:ent Mean monsoon Mean monsoon flow
Gauging site | atitude/ (°C) (km?) rainfall (cm) (Mm’)
auging site Longitude — . — .
Max. | Min. Eree Combined Tralr_ung Tes’@mg Tralr_ung Tes‘glng
period period period period
H O n»
Sriramsagar §§03090!Yé 45 | 20 | 38121 | 90594 119.8 98.6 11256 | 10894
H 0 1n”
Mancherial | 18 13°0°N/" |y | o1 | 97949 | 101743 | 1370 | 1027 | 11669 | 8918
78°30°0”E
0 7 7
Polavaram | 17 13°0"N/- 1) 1 55 | 204900 | 306643 1059 | 10449 | 70392 | 83181
81°46°0"E
INDIA

Legend: @ Gauging site

A Rain gauge station

s

/

-.?;ng??‘?? h . - 457 .
N SEM f{ -L\\g\ vari basin

Fig.1: Index Map of Study Area
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The monthly rainfall data during monsoon
period at rain gauge stations influencing the
catchments of gauging sites for the period 1985 — 1999
were collected from the Irrigation department, Andhra
Pradesh, India. The corresponding monthly runoff data
for the period at gauging sites were obtained from the
Central Water Commission (CWC), India. Ten years’
data (1985 — 1994) were used for calibration and the
rest (1995 — 1999) was used for verification of the
models.

3. Methodology

The combination of the following models was
adopted in the present study.

3.1 Simple Time-Series Model (STS)

The model is expressed as simple equation
based on summation components as
m m

Rt:C+Z aipt—i+1+z biRt—i 1)
where a; and b; are empirical bzérameters and P; and R;
are rainfall and runoff in the time period ‘t’.

3.2 Linear Autoregressive Model (ARX)

The discrete
structure is %xpressed as

Rt+z Ry :z BiPt—i+et (2)

where o; anldl B; are modellilng parameters, and e, is the
error. The optimum values of the model parameters
are estimated using the MATLAB identification
toolbox.

3.3 Artificial Neural Network (ANN)

A standard multilayer feed-forward ANN with
logistic sigmoid transfer function was adopted for the
present study. Error back propagation which was an
iterative nonlinear optimization approach based on the
gradient descent search method (Rumalhart [18]) was
used during calibration. The input data were
normalized in the range of (0.1, 0.9) by the equation.

Xnorm = 0.1 + 0.8 (Xi / Xmax)

where X.,om 1S the normalized dimensionless variable,
X; and Xmax are the observed and maximum values in
the data set. The calibration set was used to minimize
the error and validation set was used to ensure proper
training of the neural network employed such that it
does not get over trained. The optimal network was
obtained through trial and error process using
MATLAB routines.

linear autoregressive model

4. Performance Evaluation Criteria
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The evaluation criteria used in the present
study are coefficient of determination (R?), root mean
square error (RMSE), efficiency coefficient (EC) and
volumetric error (EV).

4.1 Coefficient of Determination (R?)

It is the square of the correlation coefficient
(R) and the correrl]ation coefficient is expressed as

Z i =N -9

= - 77 X100 (3)
{Z (Yi _y)ZZ(yi - 9)2}
i=1 i=1
where y; and Y, are the observed and estimated values

respectively and, yand fli are the means of observed
and estimated values.

4.2 Root Mean Square Error (RMSE)

It yields the residual error in terms of the mean
square error expressed as (Yu, [27]).

n

(v, -9’

2 oW @
n

where n = number of observations.

4.3 Efficiency Coefficient (EC)

It is used to assess the performance of
different models (Nash and Sutcliffe, [15]). It is a
better choice than RMSE statistic when the calibration
and verification periods have different lengths (Liang
etal.[13]). Itis expressed as

RMSE =

EC= (1—£JX100 (5)
s
where F, = Z (Y —y)? and F:z (Y _9i)2
i=1 i=1

A value of EC of 90% generally indicates a
very satisfactory model performance while a value in
the range 80-90% indicates a fairly good model.
Values of EC in the range 60-80% would indicate an
unsatisfactory model fit.

4.4 Volumetric Error (EV)

It is an absolute prediction error (Yu, [27] )
expressed as

x100 (6)
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The negative EV values denote underestimation of the
output variable.

5. Results and Discussion

The runoff at each of the gauging sites has
been estimated using STS, ARX and ANN models
independently. The performance of the models was
evaluated based on the selected performance
evaluation criteria. A comparison of the performance
indices of these models is presented in Table 2. It is
evident from Table 2 that the ANN models
outperformed STS and ARX models in terms of
performance indices. However, as the ANNs belong to
the class of data driven approaches, it is important to
determine the dominant network inputs as this not
only reduces the training times but also increases the
generalization ability of the network for a given data
set. Therefore, the selection of input variables is given
utmost importance to define the models. In the present
study it was adopted in four ways. In the first case, the
rainfall was considered as input variable. In the second
case, an additional input of residuals, regressors or
runoffs obtained from STS model were considered. In
the third case the residuals, regressors or runoffs
obtained from ARX model were used while in the
fourth case residuals, regressors or runoffs obtained
from both STS and ARX models were used as
additional inputs.

. The runoff values predicted using ANN models with
residuals derived and runoffs estimated from STS and
ARX models as additional inputs compared well with
the observed values. As the improvement in the
performance of ANN models when the residuals
derived from STS and ARX models are used as
additional inputs is more significant, these results are
only presented here.. The performance indices of ANN
models with different inputs are presented in Table 3.
ANN1, ANN2 and ANN3 models simulate the runoff
at Sriramsagar, Mancherial and Polavaram gauging
sites respectively with only rainfall as the input
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variable (Case 1). ANN4, ANN5 and ANNG6 simulate
the runoff at the gauging sites with residuals derived
from STS model as additional input (Case 2). ANN?7,
ANN8 and ANN9 simulate the runoff with an
additional input of residuals derived from ARX model
(Case 3). ANN10, ANN11 and ANN12 models use the
inputs of rainfall and residuals derived from both STS
and ARX models (Case 4).

It may be observed from the results presented
in Table 3 that the performance of ANN models with
rainfall as the input in terms of R? and EC is fairly
good. However the performance has improved
considerably and satisfactorily with additional inputs
of residuals derived from STS and ARX models. The
RMSE has also reduced significantly.

Figs. 2 to 9 show the scatter plots of observed
and estimated values for the models with different
inputs (ANN1 to ANN12) for training and testing
periods. It may be observed from Figs. 2 and 6 that
there is considerable scatter from the ideal line
indicating either overestimation or underestimation of
runoff when only rainfall is considered as the input
variable. These figures also make clear that the
network tends to underestimate the high values during
the training period. The possible reason for this
tendency in the ANN is due to the small number of
high values in the time series that it makes it more
difficult for the network to learn such events. The
scatter has reduced significantly when the residuals
derived from either STS or ARX model are added as
an additional input (Figs. 3, 4, 7 and 8). The results
have improved further when the residuals derived
from both STS and ARX models are used as additional
inputs (Figs.5 and 9). The comparisons between the
observed and estimated runoffs are shown in Figs. 10
to 12. The figures corresponding to ANN 10, ANN 11
and ANN 12 also depict the closeness of the values
and thereby reflect the appropriateness of the
modeling technique.

Table 2 Performance Indices of STS,ARX and ANN Models.

_ Training data set Testing data set
st | O | R | vmimontn) | ECO9) | EVOR) | R | quntine iy | ECOR) | EVOR
Sriramsagar STS 0.11 928.76 11.0 343 | 0.21 1021.23 20.8 -8.41
ARX 0.23 863.08 22.6 10.91 | 0.30 988.94 23.5 13.99
ANN 0.91 301.49 90.5 029 | 094 263.98 93.7 -2.42
STS 0.10 1952.88 9.5 -4.87 | 0.10 2252.28 8.2 9.33
Mancherial ARX 0.39 1586.30 39.2 -7.16 | 0.25 2044.79 23.2 -1.73
ANN 0.75 1028.00 74.8 -0.29 | 0.88 774.60 87.1 -7.38
Polavaram STS 0.26 10718.97 25.7 -2.21 | 0.18 12805.37 17.5 6.50
ARX 0.26 10751.04 26.3 390 | 048 9188.05 47.6 13.01
ANN 0.75 6010.00 75.1 475 | 0.69 7238.40 68.5 5.11
ISSN: 1790-5087 129 Issue 2, Volume 3, April 2008




WSEAS TRANSACTIONS on FLUID MECHANICS

Table 3 Performance Indices of ANN Models

Jagan Mohan Reddy,A., Suresh Babu,Ch.

and Mallikarjuna, P.

el Training data set Testing data set
Mode 2 RMSE 2 RMSE
R (Mm3 /month) EC(%) EV (%) R (Mm3 /month) EC(%) | EV(%)
ANN1 (1,2,1) 0.91 301.49 90.52 0.29 0.94 263.98 93.78 -2.42
ANN2 (1,2,1) 0.75 1028.00 74.85 -0.29 0.88 774.6 87.13 -7.38
ANN3 (1,2,1) 0.75 6010.00 75.02 475 0.69 7238.40 68.33 5.11
ANN4 (2,4,1) 0.98 120.29 98.00 2.12 0.99 111.13 99.12 0.30
ANNS5 (2,4,1) 0.97 353.19 97.00 -2.93 0.99 219.45 96.09 -5.22
ANNSG (2,4,1) 0.96 2302.04 96.00 2.13 0.96 2539.54 95.90 3.42
ANNY7 (2,4,1) 0.96 200.52 96.00 0.27 0.98 168.49 97.47 -2.51
ANNS (2,4,1) 0.94 475.75 94.15 -0.61 0.92 662.18 91.11 9.18
ANN9 (2,4,1) 0.98 1523.55 98.00 -0.84 0.98 1808.9 94.82 -4.56
ANN10 (3,6,1) 0.99 97.39 99.30 -0.82 0.99 98.04 99.26 -1.73
ANN11 (3,6,1) 0.99 321.12 98.50 3.23 0.98 286.41 98.26 1.78
ANN12 (3,6,1) 0.99 1039.51 99.24 0.68 0.99 1373.30 98.57 0.98
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Fig 2 Scatter Plots of Monthly Observed and Estimated Runoff during Training Period (Case 1)
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Fig 4 Scatter Plots of Monthly Observed and Estimated Runoff during Training Period (Case 3)
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(Gauging Site: Sriramsagar)
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Fig 12 Comparison of Monthly Observed and Estimated Runoff during Testing Period
(Gauging Site: Polavaram)

ISSN: 1790-5087 134 Issue 2, Volume 3, April 2008



WSEAS TRANSACTIONS on FLUID MECHANICS

This may be due to the fact that the residuals derived
from STS and ARX models which exhibit the
nonlinearity present in the rainfall-runoff process
reinforce the input to yield satisfactory model output.
This modeling technique not only improves the
performance but also completes the process with less
computational effort (only 100 epochs used).
Therefore, the ANN models coupled with STS and
ARX models with less computational effort can be
adopted for the simulation and forecasting of monthly
runoff at the gauging sites of Godavari basin of India.

6. Conclusions

The rainfall — runoff process at Sriramsagar,
Mancherial and Polavaram gauging sites of Godavari
basin of India is modeled using empirical methods
such as simple time - series (STS) and linear
autoregressive (ARX) models and compared with
Artificial Neural Networks (ANNs). The ANN
models, because of their nonlinear modeling
capability, outperformed the empirical approaches.

ANN model coupled with simple time - series
and linear autoregressive models is also presented.
The residuals derived from STS and ARX models are
used as additional inputs along with rainfall to
improve the performance of ANN model. The results
obtained based on the performance evaluation criteria
indicate that the ANN model coupled with STS and
ARX models can be used satisfactorily in the
simulation and forecasting of runoff.
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