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Abstract— Assessment and Estimation of Flood Discharge
for given return period is utmost important for planning and
Design of Hydraulic Structures in the project site. But as it
involves various parameters such as temperature, relative
humidity, rate of evaporation, discharge, precipitation,
topographical usage etc. which are highly unsteady, thus
making it one of the most difficult task to have an accurate
predictability. Through Artificial Neural Network, we have
estimated flood discharge of next day. We used 3 set of
input data viz. rain gauge, temperature and discharge for
Phulgaon area (Pune District) Maharashtra. Through black
box technique, all the input variables will be given set of
weights and bias, and after training of those data sets,
various network architecture would be created and among
them best one would be selected comprising of lowest
possible errors and best predicted output. These evaluations
would be based on RMSE (Root Mean Square Error) and
Hydrograph analysis, thus making it effective for pre or post
management of disaster as well.

Key words: Artificial Neural Network, Flood Discharge
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I. INTRODUCTION

Flood discharge is one of the most fundamental elements for
determining the consequences, if the runoff discharge
exceeds the design parameters for a catchment. As these are
based on dynamic parameters, pattern recognition of these
models through ANN is fundamental part of this project.
Precipitation is one of the major hydrological element,
which depends on various other factors such as topography,
land use, weather conditions etc. Runoff is the part of the
water cycle in which the water flows over the land as
surface water rather than be absorbed into groundwater or
evaporating. Runoff appears in uncontrolled surface
streams, rivers, drains and sewers for a catchment. Other
parameters of hydrological model are precipitation,
infiltration, stream flow, interception, evaporation,
transpiration etc. These elements contribute to total flood
discharge. And through ANN Models we are going to
predict the estimate discharge for precautionary as well as
for design purpose.

Il. LITERATURE REVIEW

A. Artificial Neural Network

Tokaret al. [1] used ANN model to compute and took input
parameters as daily temperature, precipitation and
snowmelt. When compared with regression models its been
found out that ANN provided better estimation as well as
accuracy. It was discovered that data should include weather
conditions also with watershed characteristics for obtaining
better estimations. Rajurkaret al.[2] took Narmada
catchment for rainfall runoff model. He used MISO (multi-

point single output model) for derivation of response of
relation between rainfall to runoff. Later estimation of
runoff through MISO model was further improved by
MLFFND (multi-layer feed forward neural network). When
compared with non linear and linear models its been found
that combination of both MISO with effective blend of ANN
had better results when accuracy is aimed. K.P.Sudheeret
al.[3] simulated two models namely, ANN-TD and ANN-
RD for rainfall runoff predictions. It shows peak flow
predictions by ANN through river flow models. An
represent statistical approach to solve the issue. Wilbyet
al.[4] developed conceptual rainfall-runoff model by
employing discharge data, evaporation and precipitation for
building neural network model. By successively reducing
input parameters, various models have been designed, for
determining and estimating neural network which could be
safely assimilate hydrological process. For best results, its
been found that neural network should contain 3 hidden
nodes and 7 input nodes. Regression and correlation analysis
showed that when 3 hidden node considered seasonal
variation in soil moisture had its deficit. But when 2 hidden
nodes correspond to base flow components and quick flow.
Riadet al.[5] took Agbhalou station for building rainfall-
runoff model through ANN. Various input parameters, for
this model, rainfall and runoff for early 7 days with
combination of rainfall expected for that day. Output for
ANN was formed was considered that day only. Last 7 years
data of overall rainfall-runoff were further divided into two
parts. The first 6 years data comprised of training, and later
one year was for training and testing of ANN. Later it was
compared with MLR model (Multiple Linear Regression)
model too and it was found to be very close results still it
through results its been proved that modelling of complex
non-linear hydrological process ANN was much better than
MLR. Jeonget al. [6] considered SNN (Single neural
network) and ENN (Ensemble neural network) for rainfall-
runoff models simulation purpose. Comparing both it was
found that ENN provided much better results based on
RMSE (Root mean square error) and therefore performed
much efficiently. It was further compared with TANK based
model simulation based on probabilistic measures of
accuracy and it was found that ENN was better in almost
every cases. Abrahartet al. [7] took modelling of non-linear
relationship of rainfall-runoff through neural networks and
was found that it outperformed and showed better results for
non-linear transformations and can be very well manageable
when data is limited or difficult to obtain. Kaltehet al. [8]
also employed rainfall-runoff model through ANN
technique and later compared it with algorithm of Garson’s
which includes randomization and Neural Interpretation
Diagram. It was proved that in understading complex non-
linear relationship ANN outperformed when compared with
former and also showed that it also learns the complex
process sooner. Solaimaniet al. [9] for forecasting rainfall,
took 3 different training algorithm,s for development of
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ANN models. Various methods such as conjugate gradient,
gradient descent training algorithms and Levenberg-
Marquardt were compared. Data taken were hydrometric
data and climatic data for ANN model. The study shows that
improvemet in ANN prediction can be obtained if
combinations of  hydro-climatologic  variables are
considered. Shreenivas Londheet al.[10] took various data-
driven techniques viz, GP (Genetic Programming), MT
(Model Trees) to forecast river flow one day ahead in
Narmade catchment at two stations of India. It was found
that GP model techniques performed best among them but
other two also showed remarkable results. All the models
showed almost equal in terms of accuracy of forecast. R. B.
Magar et al.[11] employed two data-driven techniques using
time series lumped rainfall data namely, MLR and ARIMA
models. He considered Koyna watershed, Maharashtra,
India to estimate inflow. The lumped rainfall data were
derived for using each station time series and Thiessen
polygon method. Both the MLR and ARIMA models
showed almost similar results when taken for longer period
rainfall data. Machado et al.[12] prepared three ANN
models compared with time scale conceptual model
IPHMEN on basis of mothly rainfall-runoff. For training the
neural network Back-propagation algorithm was used.
IPHMEN conceptual model was later compared with ANN
during validation and calibration phases. And study shows
that IPHMEN model provided inconsistent results with large
deviation of computed flows. It also showcased that trained
ANN had better capabilities for prediction accurately for
observed flows. Chen et al.[13] used ANN model for
typhoons based on rainfall-runoff. Construction of three-
layed neural network for three rainfall stations of hourly
rainfall data as input for modelling hourly flows of station.
Study shows that ANN provided better results when there is
disturbed datasets. And thus it was proved that ANN is
flexible for computational operations for complex
hydrological processes. R. B. Magar et al. [14] employed
Nash IUH for Koyna watershed, Maharastra India. For
estimation of parameter MOM (Methods of moments) are
used for estimation of parameters. For estimation of flash
flood into reservoir for given rainfall IUH is useful for it. It
was found through study that estimated DRH (Direct runoff
hydrograph) from derived IUH compared with observed
DRH was found to be in good agreement with each other...
Phukoetphimet al.[15] developed three different data driven
techniques namely, Garson’s algorithm, sensitive analysis
and neural interpretation diagram to wunderstand the
contribution provided by input parameters and knowledge
extraction approaches to neural network modelling of
rainfall-runoff relationships. Complexity of rainfall-runoff
models can be reduced by removing the least significant
input parameters.

I1l. STUDY AREA

Presently we are working on Phulgaon Area for assessment
and estimation of flood discharge. Regional location is in
Pune district, Maharastra State.The Codal provision of the
area: AKPO0X5. The river which passes along the
catchment is Krishna river, with its tributary joining as
Bhima river. It comes under the Upper Krishna River
division, Pune, where its sub-division is Bhima SD,
Sholapur. The total catchment drainage area is 2205 Sq.Km

having its latitude 18°40'01" and longitude 74°00'08". The
Zero of Gauge (m): 81 (m.s.l). The average temperature for
period of 2000-2015 is 20.94°C with maximum average
temperature 30°C. The maximum discharge of occurence is
3029 cumecs for in overall period was dated on 27-07-2005
with WL 91.475. The largest tributary of the Krishna River
is the Tungabhadra River with a drainage basin measuring
71,417 km2, running for about 531 km, but the longest
tributary is the Bhima River, which makes a total run of 861
km and has an equally large drainage area of 70,614km2 .

@

Map data ©2018 Google

Fig. 1: Catchment Area (Phulgaon)

The stations namely Phulgaon situated on a
tributary of Krishna River, in Bhima Tributary were selected
for the present study. It was therefore decided to develop
thirteen separate models for the three monsoon months of
July, August, and September at Phulgaon to forecast
discharge one day in advance. Models for month of June and
October were not considered as these months don’t have
rainfall throughout the month and this will result in
inaccuracy of models. The models will hereafter be called as
PJuly, PAug, and PSept Phulgaon station.

IV. METHODOLOGY

A. Data Transformation

Luk et al (2000) and Aqil et al (2007) revealed that networks
trained on transformed data achieve better performance. A
logarithmic transformation has been pre-owned to bring the
observed data to near normal distribution. Transformation is
performed on every input and output variable independently
using the following eqn. 1) and eqn. 2) .

ot = aloglO(Pobs(t) + b) 1)

Zq.t. = alOglo(Qobs(t) + b) (2)
The predicted results were then back-transformed using the
following eqn. 3).

Z
Qpred(t) =10 Wa b 3)
Where, Z,,.,Z, . are the transformed values of the
rainfall, runoff during time period‘t’, a and b are arbitrary
constant assumed as 0.5 and 1 respectively.

B. Formation of Model using ANN

The whole data was divided into three categories viz
training, testing and validation phase from which 70% data
was for training, 15% data was for testing and validation
purpose each. All calculations for training, testing and
validation performance were carried out using Neural fitting
tool box app provided in the MATLAB software. The neural
network is created for three different phases. The first is the
training phase and the second validation and third testing
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phase. ANNs have the ability to perform with a good
amount of observation from the patterns on which they are
trained. Several methods do exist to train a network. One of
the most successful and extensively used training algorithms
is multi-layered perceptron (MLP). A simplified model of an
artificial neural network can be seen in fig. 2. The functional
relationship for flood discharge, temperature and rainfall
model can be stated as

Qu1= f(Qt. Qt-1, Qtn, Rty Reet, Ren, T, Tt—n,)

Where, R, Tand Q denotes rainfall, Temperature
and discharge flowing through the river respectively.

ANN MODEL

MODEL 9 : COMBINED TIME SERIES AND CAUSE EFFECT MODEL

&
&
O

©

HIDDEN LAYER OUTPUT LAYER

INPUT LAYER

Fig. 2: Typical structure of ANN model

Back-propagation training algorithm is used in
neural network model in this study. Back-propagation neural
network have a layered structure with an input, hidden and
output layers. The modification process is continued in the
output layer, where the error between the network outputs
and expected targets is calculated and then propagated back
to the network through a learning mechanism. The purelin
and tansig transfer function were used in the hidden and
output layers respectively. The generalized delta rule is an
extensively used learning mechanism in back-propagation
neural network. The implementations of such algorithm
update the network weights in the direction, in which the
performance function decreases most rapidly. The number
of neurons in the hidden layer was decided by trial and
error. The data division was kept the same, to compare
results with the ANN. The ANN model is tested and the
results are compared by means of the correlation coefficient
(R), root mean square error (RMSE) and mean square error
(MSE).

C. Model Evaluation Performance

The developed models were evaluated for their accuracy by
employing statistical parameters like correlation coefficient
(R), root mean squared error (RMSE), mean squared error
(MSE) along with the hydrographs and scatter plots between
the models predicted and observed discharge values. The
error measures are explained below:

D. 1) Correlation Coefficient (R):

A correlation coefficient is a number between -1.0 and +1.0,
which measures the degree to which two variables are
linearly related. If there is a perfect linear relationship with a
positive slope between the two variables, the correlation
coefficient is equal to 1. The measure, however, is very

sensitive to deviations from larger observations. Eqn. 4)
denotes Karl Pearson’s correlation coefficient between
observed and predicted discharge.

R = Z{\lzltipi (4)
z:?:1ti21 T, pf
R is correlation coefficient, N is the number of
training data samples,t; =T, — T, p; = P, — P,T; and P, are
the target and predicted values for i = 1.., N
respectively, T and P are the mean values of the target and
predicted data set respectively.

4 C 1) Root Mean Square Error (RMSE) :

This measure gives an overall agreement between the
observed and modeled datasets. It has no upper bound with
zero as the value for a perfect model. This measure is good
for iteratively arrived at predictions and gives only an
overall picture of errors. Egn. 5) shows RMSE between
observed and predicted values

RMSE=\/(% (T = B)?) L.5)

E. Mean Square Error (MSE) :

The ability of the ANN-predicted values to match measured
data is calculated by the Mean Square Error (MSE). Egn. 6)
denotes MSE between the target and predicted values.

MSE = (ZZN, (T, — R)?) (6)

Overall the ANN results are more precise if R,
MSE, and RMSE are found to be close to 1, 0 and O,
respectively.

V. RESULTS & DISCUSSIONS

A. Results of ANN

Table 1 shows correlation coefficient between the observed
and predicted discharge values for all the models developed
using ANN. It was found that correlation coefficient R is
greater than 0.85 have a significant impact on one-day
advance runoff prediction. Out of total 39 models, we are
selected 3 models which have highest values of R, lower
values of RMSE and MSE on Phulgaon gauge discharge
stations for July, August, and September months on Krishna
River Bhima Tributary. As during initial days of June the
rain doesn’t starts so data was only half and later half of
October rain stops, so due to non availability of those data
sets, we have not considered those months for development
of models as those would give insufficient and form an
inaccurate models.

SR. MODEL MODEL R

NO. NAME PARAMTERS (ANN)

1 PJuly Qt-2, Qt-1, Qt, Tt-1, Tt | 0.885
Qt-3, Qt-2, Qt-1, Qt,

2 PAUg L Rt 0.846

3 PSep Qt-2, Qt-1, Qt, Rt-1, Rt | 0.891

Table 1: Explains performance criteria on the basis of R
ANN on Phulgaon station for month of July, August and
September month.

MODEL NAME | R | MSE | RMSE
PJULY 0.89 1 0.010| 0.1
PAUG 0.85 | 0.012 | 0.109
PSEPT 0.89 | 0.009 | 0.094
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Table 2: Performance Criteria based on MSE and RMSE of
ANN (Station — Phulgaon, Month — July, August and

September)
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Fig. 3: Hydrograph (testing) for July7 Model of ANN

The selected model for July month on Phulgaon
gauge discharge station shows that 5 input parameters (Qt-2,
Qt-1, Qt, Tt-1, Tt) and 1 output (Qt+1). Fig. 3 explains that,
due to non-linear behaviour input parameters, low flows and
medium flows are predicted reasonably accurate, high
inflows are unpredicted by using ANN. From the
hydrographs, it can be observed that both ANN hydrograph
follows the pattern of the observed hydrograph of rising
limb-and recession limb with very less variation. Due to leaf
shape of the catchment and direction of rainfall, the peak
inflow is slightly under-predicted in ANN, but within the
limit of < 20% of observed peak. Therefore, we conclude
that performs well for predicting one day ahead discharge.
Therefore, we select the best ANN model. Hydrograph is for
one-day advance discharge.
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Fig. 4: Hydrograph (testing) for Aug 4 Model of ANN

Fig. 4 explains that ANN exactly predicts discharge
up to the observed value (1367.861 m3sec) on one day
ahead. Due to non-linear behaviour input parameters, low
flows and medium flows are predicted reasonably accurate,
high inflows are underpredicted by using ANN. From the
hydrographs, it can be observed that ANN follows the
pattern of the observed hydrograph of rising limb and
recession limb with very less variation. Due to leaf shape of
the catchment and direction of rainfall, the peak inflow is
slightly under-predicted in ANN, but within the limit of <
20% of observed peak. Therefore, we conclude that ANN
performs well for predicting one day ahead discharge.
Therefore, we select Model 4 for ANN hydrograph for one-
day advance discharge for prediction of August month.

I=IN
HY3ROERAPH [ EFI: N
1.
B LEMUERE R
17 m
1-/IH
2 1um
za
a AU
i
@5 anr
40c l '
UL I
c
PN FO I R T I R i (R I I LT e (I o I L = |
e W Fa MO WK oo e T Y
I I S T I B L LR I B T - ]
HILJR LR S

Fig. 5: Hydrograph (testing) for Sept3 Model of ANN
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Fig. 6: Scatter Plot (testing) for Sept3 Model of ANN

In Scatter plot diagram (Fig. 6), the band is rising
from left to right then it indicates positive correlation. The
red band indicates that impact of correlation analysis. The
data points are more nearer to 40 degrees line compared
with red data line. Therefore, it concluded that ANN have a
higher degree of accuracy for prediction. From above
discussions, we conclude that ANN hydrograph performs
very well in testing as well as validation for predicting one
day ahead discharge. ANN model underpredicts or exactly
predicts observed discharge for low flows, medium flows
and but varies in peak flows. Also, due to leaf shape of the
catchment, rainfall intensity is non-linear. Therefore, ANN
is useful for non-linear, complex, dynamic behaviour of the
rainfall-runoff mechanism.

VI. CONCLUSIONS

Thirty nine ANN models are developed on Phulgaon
Catchement and out of it three ANN models were selected.
Gauge discharge stations with various inputs parameters for
July to September months for predicting one-day ahead
discharge. Initially, only antecedent streamflow values are
used to predict runoff, later on, antecedent rainfall with
temperature parameter was also added as inputs, which
show the improvement in the models. There are no
significant changes in prediction of flood discharge, if we
add temperature as input. We can’t conclude the relationship
between increasing no. of input parameters, R-value, MSE
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and RMSE. As the model is dynamic in nature, pattern
recognition becomes an important criterion for developing
models. We train the model repeatedly and find out the
optimum solution for prediction one-day advance discharge.
However, prediction of exact value of discharge was
approximate; as it may be under predicts or over-predicts
over observed discharges. The ANN models have been
identified as a robust model in modelling the rainfall-runoff
relationship. It can model accurately the storm hydrograph
for single-storm and multiple-storm events. Obviously, the
ANN application to model the daily stream flow hydrograph
was successful. This is time for the ANN to become a
priority tools to overcome the problem of flow hydrograph
prediction. As data isn’t available but still we can solve the
problem of predicting flood discharge caused by its
shortcomings. Hydraulic structure designs are based on
normal flood discharge, so there won’t be any issue even if
peak discharge is not known. The performance criteria such
as correlation coefficient, Mean Square Error, Root Mean
Square Error, hydrographs and scatter plots helps to select
best models amongst ANN.

VII. FUTURE SCOPE

If further trained and analysis are done, we can also righly
predict peak discharge. As the model itself is dynamic in
nature, considering the fact pattern recognition becomes an
important aspect for getting the right results. ANN is useful
tool for giving the best outcomes.
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