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ABSTRACT: The rainfall-runoff process is a highly non-linear complex process due the spatial and temporal variability of
precipitation patterns and watershed characteristics. The understanding and modelling of rainfall-runoff transformation on
watershed scale has attracted the hydrologists for water management, stream flow estimation, water supply, irrigation, drainage,
flood control, water quality, power generation, recreation, and wild life protection and propagation. A number of modelling
approaches have been developed in past to simulate the process accurately and efficiently.

In this study, a back propagation Artificial Neural Network (ANN) modelling approach has been formulated in FORTRAN
language. Model uses the gradient descent optimization technigue considering pattern learning process with different normalization
techniques and applied for monthly rainfall-runoff modelling of the Tawi river catchments up to Tawi Bridge at Jammu. The model
uses the monthly rainfall and runoff data from 1992 to 2002 which is pre-analyzed for general behavior of process on annual basis.
Models were calibrated and validated considering whole data set in four different ways with different normalization techniques and
by considering both three and four layers system with different numbers of nodes in hidden layers. The models were also
evaluated considering four different statistical testing techniques. Three-layered feed forward network structure was better than a
four layered structure. In all four combinations, adopted for the modeling, none was found effective uniformly in all calibration,

cross-validation and verification periods and may be probably due to quality of the data.

INTRODUCTION

In system theoretic modeling, Artificial Neural Networks
(ANNSs) have become very popular for process simulation
and forecasting in a number of areas including finance,
power generation, medicine, water resources and environ-
mental science. ANNs are able to generalize a
relationship from small sample of data, are robust in the
presence of noisy or missing inputs and can learn in
response to changing environments. ANNs have been
applied widely in various aspects of hydrology such as
rainfall-runoff modeling, stream flow forecasting, ground
water modeling, water quality, water management policy,
precipitation fore-
casting, hydrological time series, and reservoir operations.

The Artificial Neural Network (ANN) models are best
described by lumped deterministic black box model. The
first successful artificial neural network was developed in
1940s. The literature of ANN with hydrologic application
include modeling of the daily rainfall runoff process and
snow rainfall process, assessment of stream ecological
and hydrological responses to climate change, rainfall and
runoff forecasting, sediment transport prediction, ground
water quality and ground water remediation. A brief
review of the rainfall runoff relationship over watershed
using ANN can be seen in ASCE (2000a, b).
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The current literature on applications of the ANN in
hydrology water resources, especially on runoff includes
Anmala (2000), Tokar (2000), Imrie (2000), Wilby
(2003) and Rajurkar (2002). Some papers covering runoff
forecasting are by Danh (1999), Elshorbagy (2000),
Thirumalaiah (2000), Xu (2002), Birikundavyi (2002),
Shivakumar (2002), Xiong (2002) and Cigizoglu (2003).
Other applications of ANN include unit hydrograph
derivation by Lange (1998) and geomorphology-based
ANN for watershed by Zhang (2003).

A number of researchers have investigated the
potential of ANN in modelling and forecasting of rainfall-
runoff processes. Most of the studies normally describing
a methodology for development of the ANN model
adopting pattern learning process. In literature, the
developed ANN-based rainfall-run-off models are
compared with the conceptual and/or statistical models
and the former are found to be superior to others in
performance. Attempts have also been made to simulate
runoff hydrographs using different input parameters, such
as drainage basin, elevation, average slope, and average
annual precipitation. A little attempt has however been
made towards ANN extrapolation, representing internal
behavior and distributed approach of ANN models that
can model storm rainfall, runoff process. In this study, an
attempt will be made to study the extrapolation
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properties of ANN using different normalization
techniques.

This research paper presents ANN software developed
for hydrological applications with following as objectives:

1. Development computer programs for ANN models
based on Back Propagation (BP) approach.

2. Application of ANN models using monthly rainfall-
runoff on Tawi river basin of J&K.

3. Study of extrapolation properties of ANN through
different normalization methods.

METHODOLOGY

Struggle for survival in living creature is supported by the
neurobiological system of the body consisting of nerve
cells. Numerous nerve cells process the incoming
information and the signal is transmitted to nucleus/brain
to take decision. The information processing together
with several nerve cells is a new way of computing,
called ‘neurocomputing’.

Neurocomputing is accomplished by highly parallel
structures designed to directly process the information
coming from external world. To understand the basis
behind neurocomputing, it is necessary to understand the
neurobiological principles. The neurons are nerve cells
and the neural network is network of these cells. Many in
medical science believe that a cluster of parallel process-
ing structure perhaps best represents a neural network.

The anatomy of a real biological neuron, comprises of
Dendrites, Soma, Axon and Synaptic Buttons, is shown in
Figure 1. The information is picked up at the Dendrites.
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The Soma is cell body whereas the 4xon is long trans-
mission line like structure and the tail end of the Axon is
called Synaptic Buttons. These neurons are so powerful in
processing the information, that even a small earthworm
with only 302 neurons has a computing power around
one thousand times the power of Pentium II processor.
However, it is estimated that the human brain has 10° to
10" neurons with 10" Synaptic Buttons (Nav Bharat
Times, April 28, 1999). Thus the computation power of
parallel processing in neurobiological system is very high.
An artificial neuron structure parallel to the real
biological neuron is also shown in Figure 1.

In short, an Artificial Neural Network (ANN) is a
computational structure inspired by neurobiological
systems and learns from the past what has happened.
More and better learning generalizes the path to solve
complex problems arriving in nature. In other way, ANN
is the best tool to represent natural processes. The tasks
like survival, search, image and speech recognition,
classification, generalization and so on can easily be
handled by neurobiological systems while these are quite
difficult by conventional digital computing. Mathematically,
an ANN may be treated as a universal approximate of a
neurobiological system (ASCE, 2000). The ANN learns
to solve a problem by developing a memory capable of
associating the input and corresponding output sets.
Owing to the characteristics of linear and non-linear
processes, the flexible ANN mathematical structure is
capable of identifying complex non-linear relationships
between the input and output data sets (Hsu, 1995:
Raman and Sunil Kumar, 1995).
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Fig. 1: Anatomy of biological and artificial neurons
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ARTIFICIAL NEURAL NETWORK MODEL

The framework or structure of ANN as well as
optimization scheme is the basic of ANN. The structure
of an ANN consists of many single elements called nodes
or neurons. The signal or information is passed between
the nodes through inter connection or link and each
connecting link has an associated weight that represents
the strength of the connection. Each node applies an
activation function to its net input to determine output
signal.

The structure of a network refers to its framework as
well as interconnection scheme. A structure may be either
a fully connected network or a layered network. The
framework of layered structure is specified by number of
layers, such as, the input layer, the hidden layer/s and the
output layer. According to inter-connection scheme, a
network can be a feed forward connection, a feed
backward connection, a lateral connection, a recurrent
connection or a time delayed connection.

The multi-layer BPANN is layered parallel processing
system consisting of input, output and hidden layer/s.
There are many processing elements in each layer called
nodes and these are connected by links of different
weights. The number of nodes in input and output layers
corresponds to the number of input and output variables
of the model. There is no fixed rule but some guidelines
are available in literature as to how many nodes shovld be
in hidden layer/s. Optimum number of nodes in hidden
layer depends on the complexity of modelling problem.
An artificial neural network consisting of three layers as /,
i, and k with number of nodes in the layerj asj =1 to jj,
in the layer i as i = 1 to /i and in layer k as k= 1 to kk
along with the interconnecting weights W and W), are
shown in Figure 2.

Input layer

J=L2
Fig. 2: Structure and notations in a multi-layer BPANN

Hidden layer
i=1,2,...,10

Output layer
k=1,2,..,kk

Back Propagation Artificial Neural Network Model

The calculation in the back propagation scheme
(Rumelhart et al., 1986) is based on the generalized delta
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rule and consists of feed forward and the error back
calculations. In feed forward calculation the nodes in the
input layer j receive the data (input vector) and each
neuron in layer i and k receives the weighted sum of
output from the previous layer as input through an
activation function.

Normalization of Data

Normalization of data is one of important aspect of ANN
model development. The input and output data are
normalized betwren a suitable range, usually 0.0 to 1.0.
There are very few studies which evaluates the effect of
the normalization scheme on the ANN model
performance. Normally, two different normalization
methods are adopted in ANN model development and can
be expressed using the following equation,

Xn([) :‘/Y([)l"){max (])
Xf’l([) = (‘Xy(f)_Xmin)/(}(max"-erin) v (2)

where, Xn is the normalized values; X is the original
value; X, is the minimum value of the variable; X, is
the maximum value of the variable; and 7 is the index
representing the number of data points.

First method converts the original data series into the
range (Xmin/Xmax and 1.0); second method converts the
original date series into the range (0.0 and 1.0). The
problem with these normalization methods is that they do
not provide any flexibility of extrapolation beyond the
calibration range. To provide extrapolation ability of
ANN beyond the calibration range the thirst method
suggested is of the following form as,

Xn(l) =a+b. (X(f) == ){min)'{(x.mnx_X;nin) .. (3)
The value @ and b could be selected such that a maximum
flexibility could be given to develop model. Normally the
value of a and b is taken as 0.1 and 0.8. This converts the
original data series into the range 0.1 to 0.9 respectively
and provides equal flexibility on both lower and higher
side. Different values of @ and b could be selected to
provide unequal flexibility to lowered higher side of the
model. The present developed FORTRAN code in this
study has options to consider all these three methods one
at a time.

Learning Process

The formulation of an appropriate artificial neural
network model involves learning (training) relationship
between input and output and several methods have been
suggested in literature. The two alternate approaches for
layered network are unsupervised and supervised learning
(Figure 2). In unsupervised learning, the weights
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connecting nodes in the network are given a critic (good
or bad), based on the error information supplied to the
network to improve the weights. The competitive,
reinforced and genetic algorithms are few learning
processes that fall in this category. The best known
example in reinforced learning is Kohonen network
(Kohonen, 1988).

In supervised learning process, the weights connecting
nodes in the network are set on the basis of detailed error
information supplied to the network by an external
‘teacher’ as shown in Figure 3. In this process, the
network is trained using a set of known input-output pairs
to the network and the error between estimated and
observed output is used to adjust the connecting weights.
The supervised learning process is carried out either by
pattern learning or batch learning processes:

(a) Pattern learning process: The pattern learning is
more commonly used supervised learning process
(French et al., 1992) which is governed by the error of
each data set taken one by one. The weights
continuously get adjusted with the processin g ofeach
data set. The processing is slow as it continuously
eliminates the biasness, if any, of one data set by the
next few data sets coming in the sequence.

(b) Batch learning process: In batch learning, the process
of learning is governed by the average error of all data
sets. Weights could be adjusted in accordance with
the set indicating highest error or lowest error or
average error. The learning speed in batch learning
process varies depending upon the type of error being
selected for weight adjustment. In general, the process
requires more computational time for each updating
of weights. When weights are adjusted in accordance
with the highest error, the learning is relatively fast in
comparison to the pattern learning process (French
etal., 1992).

Network Generalization

The criteria to stop the convergence or the learning of
ANN are normally linked with the generalization of the
network. The generalization of the network is dependent
on the network structure and the size, the learning
algorithm or the method of convergence, quality and
quantity of training and validation data domain (Fu,
1996). The generalization of the network means how well
the learned ANN model performs on the data used for
model development, and on the new data set other than
the data set used for training the network. The
performance of the model is verified through statistical
evaluation criteria. Some of the other methods suggested
in the literature to improve the generalization are network
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pruning, weight decay and elimination and weight
shearing. Criteria linked with the generalization and used
to stop the convergence are as follows:

1. Based on minimum error
2. Based on the minimum error gradient
3. Based on cross validation performance.

The first two methods listed above may lead to over or
under, learning and thereby poor generalization. The
cross-validation criterion normally avoids over-learning/
under-learning and actually improves the generalization
performance of the network and has been used in this
study. A pre-determined level of accuracy is not required
in this method; however, it requires intensive computations
and demands much more data and computer space.

Steps in Development of ANN Model

Steps followed in the development of artificial neural
network model are summarized as:

1. Identify parsimoniously all physically based input
variables with their time memory that influence the
output.

2. All input and output sets for the calibration and
verification period are normalized.

3. Start with a three-layered ANN model having only
one hidden layer. The number of hidden layer could
be increased if it is necessary. Start with a minimum
number of nodes in hidden layer with approximately
double of input nodes (Hipel et al., 1994). The numbers
of nodes in the input layer are equal to the number of
input variables, whereas, the number of nodes in
output layer is equal to the number of output variables.

4. All the interconnecting weights are assigned a small
value between —0.5 to +0.5 through a random
number generation program.

5. Select fixed or variable values of learning rate and/or
momentum term depending upon the algorithin used
for optimization.

6. Select the learning process that is either pattern
learning or batch learning processes.

7. Execute the program that performs: (a) feed forward
calculation, (b) error back propagation in the network
and (c¢) finally change the weight.

8. Estimates output for calibration and verification
periods and apply performance evaluation criteria.

9. Perform whole operation for maximum desired
iterations.

10. Select the iteration that results in maximum generali-
zation on the basis of performance evaluation criteria.
11. For required generalization, repeat the learning process
with assigning more numbers of nodes in the hidden
layer or by increasing the numbers of hidden layers.




Anrtificial Neural Network Modelling of Tawi River Basin

A FORTRAN code has been developed for accepting any
number of layers with capability of considering any
number of nodes in any layer. It generates random
numbers between zeros to one for all links in the layered
system. The program further has capability to normalize
the data in all three ways as described earlier. The
program uses the pattern learning process with learning
and momentum rate as variable or constant. The program
can run for any number of iteration. For each iteration it
calculates root mean square error, correlation coefficient,
coefficient of efficiency, average absolute relative error
for both calibration and verification data. The program
also calculates threshold statistics for the last iteration
specified in the program.

Weaknesses and Limitations

In spite of most popular and successful demonstration of
ANN with back propagation scheme, a number of
drawbacks exist in this algorithm (Vemuri, 1992).

1. The selection of number of nodes and number of
layers in the network is quite arbitrary. It becomes
computationally cumbersome if the number of hidden
layers is increased.

2. Lack of valid, consistent and efficient criteria for
pruning the network. The one successful technique,
which emerged to reduce the connectivity, is by
starting with a possible smallest network.

3. Selection of parameters such as learning rate (o) and
momentum term (B) is totally based on users’
experience as, at present, there is no acceptable
mathematical basis for this selection.

4. Learning speed, generalization, and converging
properties are poorly understood. Frequently, when
numbers of hidden units are large, the network begins
to memorize, instead of acceptable learning and
genera-
lization.

5. The weights of ANN do not reflect any of the system
parameters in physical sense.

ANNSs have several drawbacks for some applications.
They may fail to produce satisfactory results if the data
set is insufficient in size or the function is not able to
learn the process of the data set. The optimum network
geometry as well as the optimum internal network
parameters are problem dependent and generally have to
be found using a trial and error process. ANNs cannot
cope with major changes in the system because they are
trained (calibrated) on a historical data set and it is
assumed that the relationship learned will be applicable in
the future. If there were any major changes in the system,
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the neural network would have to be adjusted to the new
process. Some research studies have been reported in the
literature to evolve better algorithms for the
generalization of ANN model, ie., to estimate the
extreme events. Imrie ef al. (2000) added a guidance
system to a training algorithm and found that the new
algorithm performed better in estimating the extreme
events. Guidance system includes cross-checking of the
model performance, selection of output transfer function
and fixing of the range of normalization.

Performance Evaluation of ANN Model

The performance of a model can be evaluated in terms of
several characteristics. The three important characteristics
of a good model are accuracy, consistency and versatility
(Kachroo, 1992). The term accuracy refers to the ability
of the model to reduce the calibration error to the
observed data of the calibration period. The presence of
level of accuracy and the estimate of the parameter values
through different samples of data is referred as the
consistency of the model. A versatile model is defined as
the model, which is accurate and consistent when used
for the diverse applications involving model evaluation
criteria not directly based on the objective function used
during the calibration of the model. Few performance
evaluation criteria selected in the present study are: Root
Mean Square Error (RMSE), Correlation Coefficient
(CC), Coefficient of efficiency (CF).

While judging the acceptability of a model through
evaluation criteria, the ability of each criterion must be
properly understood. Root mean error (MSE) shows the
measure of mean residual variance summed over the
period (Yu, P.S., 1994). Correlation Coefficient (CC)
defines the degree of correlation between two variables.
The correlation between the observed and estimated value
are accounted by the correlation statistic. Coefficient of
Efficiency (CE) criterion has the basis of standardization
of the residual variance with initial variance (Nash and
Sutcliffe, 1970). In this criterion, a perfect agreement
between the observed and estimated output yields an
efficiency of 1.0. For a zero agreement, all the estimated
values must be equal to the observed mean. A negative
efficiency represents a lack of agreement worse than if
the estimated values are replaced with the observed mean.
In this criterion, the value of efficiency strongly depends
upon the initial variance of the observed records.
Volumetric error (EV) is absolute prediction error. The
AARE and TS not only give the performance index in
terms of prediction but also the distribution of the
prediction error. The criterion can be expressed for
different levels of absolute relative error for the model
(Nayak, 2004).
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STUDY AREA

River Tawi is a major left bank tributary of Chenab
River. The river originates from the lapse of Kali Kundi
glacier and adjoining area south-west of Bhadarwah in
Doda District (J&K), at an elevation of about 4000 m.
Initially, it flows in westerly direction for about 16 km
then turns towards north-western direction for a distance
of about 27 km near Sudh Mahadev. Then it follows a
westerly direction for about 5 km up to Chenani, and
further down a south-westerly direction unto Udhampur,
after which it takes a southerly course for about 24 km. In
the lower part of this reach, a number of small streams or
nallahs join with it. The river then takes south-westerly
direction for about 8 km and then north-westerly direction
for about 12 km where Jhajjar nallah joins it on the right
bank. From this point, the river takes a southwesterly
direction for about 24 km up to Jammu city, beyond
which it flows in the same direction for another 25 km in
braided pattern before entering into Pakistan. It has nine
tributaries carrying mostly monsoon discharge. Total
length of the river is about 141 km. The river in general
flows through steep hills on either side excepting the
lower reach for about 35 km. Width of the Tawi River is
about 300 m. at Jammu bridge site.

Physiography

Tawi river catchment is contained between 32° 35—
33° 5' N latitude and 74° 35'-75° 45" E longitude
(Figure 3). The catchment area of the river up to Indian
border (Jammu) is 2168 km?, and falls within the districts
of Jammu, Udhampur, and a small part of Doda.

Batote g
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Fig. 3: Index map of Tawi river basin showing
observation stations, thiessen polygon and other
information

The upper part of the catchment is characterized by
rugged mountainous topography whereas lower part
consists of low hills and aggradational plains. Elevation
in the catchment varies between 400—4000 m, with an
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average elevation of about 2200 m. The slope of the
catchment is from East to West in the upper part and
North-east to South-west in the lower part.

The river Tawi originates from the Kaplas granite Dom
and cuts across Panjal, Murree, Muran and Krishanpur
Thrusts throughout the course up to Jammu. The main
tributaries of Tawi, namely, Duddar Khad, Ramnagar
Wali Khad, Salam, Naddal, Biruni, Baramani, Juni,
Balin, Bamir Khad, Jhajjar, Gamhi, Dhamal Khad, Saro,
Sulok, follow strike direction and are controlled by
geological structures. The control of structures on the
streams is generally evident from the drainage pattern.

Climate

The climate of Tawi catchment is characterized with three
distinct features. The north-eastern catchment area
comprising of Bhadarwah and adjoining area where
climate is extra-tropical mountain type. In this area,
winter is severe and influence of south-west monsoon is
negligible. Central territory consisting of Udhampur
district where, climate is of mountain type, monsoon has
sufficient influence. The south-western zone consisting of
Jammu district where climate is warm with strong
influence of monsoon. The south-west monsoon is active
during June to September, and is pronounced in July and
August. The upper reaches of the catchment area
experience snowfall during December to March. An area
of about 200 km” of the Tawi catchment is snowfed.

Soils

Soils of Doda district are generally encountered on hill
top, mid-hills or plateaus with undulaiing to partially
leveled/terraced lands. The formation is mainly alluvial in
nature whereas in the mid-lands or foot-hills the process
of colluviation seems predominant. Generally, silty
material is brought down from above by the action of
water and gets deposited at the base hill. The texture, in
general, varies from sandy loam to silty clay loam. The
area is considerably bisected and perennial and seasonal
nallahs are encountered in large numbers.

The major portion of Udhampur district consists of
hilly terrain. The soils occurring in plateaus or mid-hills
are well managed, properly terraced or bounded. The
soils are moderately deep to deep on the mid hills and
plateaus whereas deep to very deep at the foot-hills. The
texture, in general, is coarse to medium.

Soils of Jammu district are alluvial subtropical having
a texture varying between sandy loam to silty clay leam.
The lower part is recent alluviam whereas the outer plains
are pleistocene. The foot-hills of Siwaliks are moderately
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Table 1: Annual Summary of the Data for Tawi River Basin in J&K

Discharge Data Rainfall Data
Year Discl;arge Discharge Jammu Katra Bhadarwah | Batote Weighted Ratio
m'/s mm mm mm mm mm
1992 18038 718.8 1355.4 2414.0 13591 1927.5 1796.3 0.40
1993 24825 989.3 17731 2776.2 1739.6 2277.8 2162.7 0.46
1994 23005 916.8 2073.8 2865.4 1441.9 1700.9 2018.8 0.45
1295 19478 776.3 1413.9 22477 1540.7 1638.9 1693.3 0.46
1996 29777 1186.7 1970.5 2734.8 1140.6 1830.3 1963.6 0.60
1997 215627 857.9 1739.8 2611.0 1285.6 1822.0 1893.2 0.45
1998 9478 377.7 1214.5 1711.3 1389.6 1715.7 1513.1 0.25
1999 5867 233.8 1127.7 1749.3 835.1 1033.5 1191.3 0.20
2000 6213 247.6 1291.8 2106.9 956.5 1080.4 1355.5 0.18
2001 8256 329.0 1289.4 1714.9 870.3 980.7 12081 0.27
2002 7797 310.7 1067.5 1526.0 981.0 1039.4 1141.4 0.27

deep to deep soils with coarse textures having stoney face
in general. The lower plains are having a slope gradient
of 0 to 3% whereas in the upper reaches it may go as high
as 25%.

Data Used

For this study, the monthly rainfall of Jammu, Katra,
Bhadarwah, Batote and runoff of the Jammu Bridge for
years January, 1992 to December 2002 has been used.
The missing rainfall records during September, 1992 to
June, 1995 were estimated by developing monthly rainfall
runoff relationships for each site from the rest of available
records. The monthly data of eleven years is converted to
annual records (Table 1) and the runoff rainfall ratio has
been estimated. The ratio for first six years is seen in the
range of 0.40 to 0.60 however, in the rest five years, it
varied in the range 0.18 to 0.27. In first glance, the ratio
indicates that the catchment has improved from year
1998, but looking at the quite low rainfall of the same
period, no conclusion can be drawn. Under the
circumstance, it can be said as the variability of data with
the period selected for the study.

MODEL DEVELOPMENT

The development of ANN rainfall runoff model involves
the following steps. (1) Identification of effective input
variables of the model, (2) Fragmentation of data set for
training, testing and validation of the model (3) Model
development. The model development involves the
following steps, (a) Selection of structure of the model,
(b) Normalization of data (¢) ANN model procedure
(d) Training, testing and validation of model.

Identification of Effective Input Variables of the
Model

To describe the physical phenomena of runoff simulation
model, the input variable is only the rainfall. Now the
criterion for selection of lags for input variable suggests
the correlation analysis between output variable and
lagged input variables. The cross-correlation analysis is
performed using runoff variable at time t and #+1 and the
rainfall variables at time ¢, +~1 and -2 considering the
whole data set (Table 2).

Table 2: Cross-correlation Analysis of Rainfall and
Runoff Variables in Time

Rain Run Run
(t+1)

Rain

(t-1) (t) (¥

Rain
(t-2)
Rain (t-2) 1.00
Rain (1) 0.34 1.00
Rain (f) -0.07 0.34 1.00
Run (f) 0.14 0.43 0.80 1.00
Run (t+1) -0.06 0.15 043 0.48 1.00

Variable

From the correlation matrix, the significant model
variables can be identified. It can be seen from the matrix
that the runoff at time 7 is highly correlated to rainfall at t
and 71 (0.80 and 0.43) but not to rainfall at /=2 (0.14).
At the same time, the rainfall at time 1 is not highly
related to rainfall at time #-2. It is therefore a simulation
model between rainfall and runoff can be developed
considering runoff at tine ¢ and rainfall at time ¢ and /-1
as these variables are mutually independent and could be
considered highly dependent on output runoff. The
simulation model occupies the following form:

Runoff () = £ {Rainfall (¢), Rainfall (1)}
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Fragmentation of Data Set for Training,
Testing and Validation

Monthly rainfall of Jammu, Katra, Bhadarwah, Batote
and run-off of the Jammu Bridge for years January, 1992
to December, 2002 has been selected for training, testing
and validation of the model. The annual summary of data
indicates two distinct groups in data; (1) A high run-off
rainfall ratio in the range of 0.40 to 0.60 and (2) a low
runoff rainfall ratio group in the range 0.18 to 0.27.
Therefore, for modelling the data could be divided into
three blocks. The first block will be from 1992 to 1995
(four years), the second block will be for years 1996 and
1997 and the third block will be from1998 to 2002 (five
years). Keeping for any improvement in the modelling,
the modelling with these three blocks could be done in
four different ways as shown in the Table 3 referred as
case one and two.

Case one is the model developed with a high runoff
rainfall ratio (with relatively high rainfall) and
verification on low runoff rainfall ratio (with relatively
low rainfall). The case two is the model development
with low runoff rainfall ratio (with relatively low rainfall)
and verification on high runoff rainfall ratio (with
relatively high rainfall). In third case, a random selection
of the data has been done from the full data set and the
model developed has been verified on high runoff rainfall
ratio (with relatively high rainfall) and on low runoff
rainfall ratio (with relatively low rainfall). In fourth case,
the data of years 1998 to 2002 has been considered for
model formulation and verification.

Table 3: Data Length Considered for the Cases of

ANN Modelling
C;‘sgsec;f Modelling Process Corg?éired Co::fz;sred
Case 1 |Calibration 1992 to 1995 4
Testing 1996 & 1997 2
Verification 1998 to 2002 5
Case 2 |Calibration 1998 to 2002 5
Testing 1996 & 1997 2
Verification 1992 to 1995 4
Case 3 |Calibration (random | 1992 to 2002 11
50 %)
Verification 1992 to 1995 4
Verification 1998 to 2002 5
Case 4 |Calibration 1998 to 2000 3
Verification 1901 & 1902 2

Model Development

Three and four layers BPANN models were developed
with non-linear sigmoid as activation function uniformly
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between the layer to simulate rainfall runoff process.
While deciding the structure of ANN, nodes in input
layer were equal to number of input variables, nodes in
hidden layer were approximately double of input nodes
(Hipal, 1994) and the node in the output layer was one as
the model provides single output. The learning of ANN
initiates with the normalisation (re-scaling) of all the data
with three methods viz. Normalisation by maximum
value (code 1), normalisation by using both maximum
and minimum value (code 2), and normalisation by using
both maximum and minimum value with flexibility of
extrapolation (code 3). All inter-connecting links between
nodes of successive layers were assigned random values
called weights between +0.5 to —0.5 (Dawson and
Wilbay, 1998) and a value decreasing from 0.5 is
considered for both learning rate (o) and momentum B
term (Orri, 1995; Raman, 1995). The learning is done by
pattern learning process and is carried out for maximum
one thousand iterations using the error of each data set,
one by one, and the weight continuously updated with the
processing of each data set.

Calibration, Cross-Validation and Verification of
Model

In model development, the learning is through genera-
lisation of ANN for which the developed model is
simultaneously checked for its improvement in
efficiencies during the phase of model formulation. As
can be seen that the data of Tawi river basin is highly
variable, the modelling has been done considering the
data in different ways (Table 3) as to have any
applicability of model and its improvement.

Case 1

Model calibration efficiencies AERE, CC, CE and EV
reported in Table 4 for four layer system is found
relatively better than three layer system. Normalisation by
method (code 2) slightly improves the efficiencies in
model development over the normalisation by first
method (code 1). The third method of normalisation that
provides the flexibility of extrapolation (code 3) has
resulted adversely on the model efficiencies. In cross-
validation, the efficiencies CE and EV are not as good
compared to the model development which is quite
obvious as the run-off rainfall ratio for years 1996 and
1997 are 0.60 and 0.45 relatively higher compared to the
range covered in model development. In verification of
the model, again CE and EV are not acceptable and are
worse than the cross validation period. Positive values of
EV for this period suggested an over estimation of runoff
obviously due to low values of run-off rainfall
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Table 4: Performance Evaluation of Developed Model with the Data of Case One for
Different ANN Structures and Normalisation Methods

Number | Normalisation e s Verification Period, 1998 to 2002
of Layers Method

AARE| CC% | CE% | EV.% | AARE | CC% | CE% | EV.% | AARE | cC.% | CE% | EV.%
323.1) 1 05 | 828 | 658 | 80 | 13 | 785 | 361 | -311 | 1.3 | 743 |-1000 | 927
324,1) 1 05 | 893 | 796 | —11 | 13 | 845 | 547 | -259 | 1.3 [ 741 [-916 | 904
325,1) 1 05 | 892 | 796 | -10 | 13 | 843 | 549 | -256 | 1.3 | 749 |-1035 | 942
42,33,1) 1 05 | 890 | 792 | 23 | 14 | 842 | 553 | 246 | 15 | 756 |-117.4 | 1024
42.44.1) 1 05 | 889 | 788 | 46 | 14 | 838 | 554 | 226 | 1.5 | 747 |-1377 | 1066
42.55,1) 1 05 | 900 | 809 | 34 | 14 | 851 | 578 | 223 | 1.5 | 754 |-1027 | 1006
323.1) 2 05 | 821 | 645 | -85 | 14 | 773 | 350 | -302 | 1.3 | 734 [-1041| 912
324.1) 2 05 | 800 | 792 | 11 | 13 | 841 | 542 | -252 | 12 | 738 [-1016 | 898
325,1) 2 05 | 800 | 792 | 02 | 13 | 839 | 545 | -252 | 1.3 | 743 |-1105| 926
42:33.1) 2 05 | 888 | 788 | 24 | 13 | 840 | 552 | -234 | 14 | 748 |-131.5 | 1006
42,44,1) 2 05 | 887 | 785 | 46 | 14 | 834 | 548 | 221 | 1.5 | 740 |-1419 | 1057
4(2,55.1) 2 05 | 899 | 806 | 34 | 14 | 848 | 575 | 220 | 1.4 | 750 |-1116 | 1001
323.1) 3 11 | 840 | 608 | 240 | 25 | 797 | 411 | —14 | 29 | 7041 [-384.4 | 1849
324.1) 3 11 | 876 | 662 | 261 | 25 | 845 | 501 | -04 | 30 | 71.0 |-362.9 | 185.1
3(25,1) 3 11 | 879 | 669 | 263 | 25 | 848 | 511 | 03 | 29 | 714 |-3634 | 1848
4233.1) 3 12 | 872 | 645 | 283 | 26 | 842 | 496 | 1.3 | 31 | 708 |-3885 | 1914
42,44.1) 3 11 | 823 | 571 | 238 | 26 | 777 | 372 | -06 | 29 | 699 |-308.1 | 1889
4(2,55.1) 3 11 | 884 | 662 | 200 | 26 | 851 | 522 | 23 | 30 | 720 [-3910 | 1918

ratio during this period. Model calibration, cross-
validation and verification efficiencies suggests that the
whole eleven years data does not form a homogeneous
group and modelling and verification with such data is
highly difficult.

Case 2

Data considered in the modelling of case two is opposite
of the first as discussed earlier and reported in Table 5
The model development efficiencies are not better than
case 1. However, the results in respect of CE and EV are
not acceptable and are similar as obtained in case one.
This case of model calibration, cross-validation and
verification efficiencies again suggests that the whole
eleven years data does not form a homogeneous group
and modelling and verification with such selection of data
is again difficult.

Case 3

Since, the variability in data is high; it was decided to
develop the model considering 50 percent of data
randomly selected from the full domain. The developed
model is not cross validated but directly verified on the
lower and upper bonds of the data domain. The results

(Table 6) were similar as obtained in case 1 and case 2.
The verification results for period 1992-1995 were
slightly better than the period 1998-2002.

Case 4

In this case, the data considered is almost homogeneous
in respect of runoff rainfall ratio. First three years are
considered for the model developed and rest two years for
model verification. Even in this case the results (Table 7)
in respect of efficiencies are not better than case 1, 2
and 3.

Overall the variability in data of Tawi river basin is too
high. Using this data no significant model could be
developed and therefore the impact of normalization by
three methods could not be significantly tested.

CONCLUSIONS

An ANN model for the rainfall-runoff process was
developed for Tawi catchment up to Tawi Bridge at
Jammu. Three-layered feed forward network structure
was used to model the process. The monthly rainfall and
discharge values of the years 1992 to 2002 were
considered for the development of ANN model. cross
validation and for validation purpose.
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Table 5: Performance Evaluation of Developed Model with the Data of Case Two for
Different ANN Structures and Normalisation Methods

Number of| Normalisation| Calibration Period, 1998 to 2002 |Cross-Validation Period, 1996 & 1997 | Verification Period, 1992 to 1995

Layers | Method | aare [ cc% | CE% | EV.% | AARE | CC.% | CE% | EV,% | AARE | CC.% | CE% | EV.%
3(2,3,1) 1 0.4 785 | 59.9 |-107 0.7 710 | -74 | -691 | 05 | 719 | -35 | -58.9
3(2,4,1) 1 0.4 785 | 60.0 |-11.0 07 710 | =74 | 691 | 05 | 719 | =35 | -58.9
3(2,5,1) 1 0.4 819 | 669 | -25 0.7 78.3 21 | -664 | 04 728 | 123 | -52.3
4(2,3,3,1) 1 0.4 82.1 | 67.4 0.9 0.7 78.1 23 | 859 | 04 73.0 | 131 | -51.4
4(2,4,4,1) 1 0.4 824 | 679 0.9 0.8 78.3 15 | -66.7 | 04 732 | 122 | -519
4(2,5,5,1) 1 0.4 822 | 675 0.4 0.7 786 25 | -660| 04 | 73.0 | 132 | -515
3(2,3,1) 5 0.4 757 | 55.7 | -87 0.7 69.7 | -88 | 675 | 05 708 | -66 | -586
3(2,4,1) 2 0.4 757 | 557 | -8.6 0.7 69.7 | -88 | 675 | 05 708 | -66 | -58.6
3(2,5,1) 2 0.4 809 | 653 | —-1.5 0.7 77.3 15 | 652 | 04 725 | 11.2 | =521
4(2,3,3,1) 2 0.4 817 | 66.7 1.7 0.7 77.9 24 | -650 | 04 | 728 | 130 | -51.0
4(2,4,4,1) 2 0.4 824 | 679 15 0.8 78.2 15 | 666 | 04 732 | 123 | =510
4(2,5,5,1) 2 0.4 820 | 67.1 1.4 0.7 78.6 27 | 653 | 04 728 | 134 | -51.0
3(2,3,1) 3 0.8 791 | 521 | 275 1.0 75.7 23 | 565 | 0.4 731 | 139 | 438
3(2,4,1) 3 0.8 791 | 521 | 27.4 1.0 75.7 22 | -565| 04 | 732 | 138 | —438
3(2,5,1) 3 0.8 793 | 522 | 280 1.0 75.9 28 | -56.3 | 04 731 | 147 | 434
4(2,3,3,1) 3 0.8 79.9 51.7 30.2 1.0 76.1 34 -55.9 04 73.5 15.8 | —42.7
4(2,4,4,1) 3 0.8 81.8 54.9 294 1.0 77.6 4.8 -56.9 0.5 74.0 178 | —-426
4(2,5,5,1) 3 0.8 80.0 | 51.9 | 303 1.0 76.4 39 | -558| 04 734 | 165 | 424

Table 6: Performance Evaluation of Developed Model with the Data of Case
Three for Different ANN Structures and Normalisation Methods

Number | Normalisation| Calibration Period, 1992 to 2002 Verification Period, 1992 to 1995 | Verification Period, 1998 to 2002
ofLayers|  Method | nareToc% | CE% | EV.% | AARE | CC.% | CE% | EV.% | AARE | CC.% | CE% | EV.%
3(2,3,1) 1 06 794 | 603 |-12.4 04 | 824 61.0 |-23.8 07 792 | -6.7 41.1
3(2,4,1) 1 0.6 794 | 803 |[-12.1 04 | 825 61.0 |-236 0.7 792 | 60 | 419
3(2,5,1) 1 0.6 866 | 748 | =57 0.4 | 86.1 693 | -8.8 06 78.0 |-182 | 451
4(2,3,3,1) 1 06 87.1 757 | -35 04 |86.0 69.7 | 6.5 0.7 77.7 | -9.1 51.7
4(2,4,4,1) 1 0.6 86.9 753 | 4.3 04 | 86.0 69.7 | -7.3 0.7 769 | —6.4 49,5
4(2,5,5,1) 1 0.6 874 | 76.1 -3.4 04 | 862 696 | -59 0.7 775 | -15 50.6
3(2,3.1) 2 0.7 78.5 592 |-124 05 | 822 60.3 |-24.1 0.7 787 | —98 | 403
3(2,4,1) 2 0.6 86.1 738 | -7.1 04 | 864 70.7 |-10.9 0.6 785 |-283 | 424
3(2,5,1) 2 0.6 86.3 742 | 67 04 | 862 69.7 | -9.9 0.6 77.9 |-206 42.4
4(2,3,3,1) 2 06 87.1 757 | —4.2 04 | 862 700 | -7.2 07 778 | 83 | 497
4(2,4,4,1) 2 0.6 869 | 752 | -54 04 | 86.2 701 | -8.3 07 769 | -53 | 470
4(2,5,5,1) 2 0.6 87.4 76.1 | 4.2 04 | 864 69.9 | 6.6 0.7 776 | -06 | 486
3(2,3,1) 2 1.8 754 417 371 0.9 81.6 57.4 8.1 2.3 74.8 |-208.0 | 1484
3(2,4,1) 3 107 | 83.8 57.3 | 383 08 | 862 710 | 156 22 76.3 |-2005 | 1422
3(2,51) 3 1.6 840 | 58.0 | 377 0.8 |863 713 | 15.4 22 76.3 |-195.2 | 140.8
4(2,3,3,1) 3 16 846 | 595 | 345 08 | 866 722 | 128 2.1 76.2 |-173.1 | 136.2
4(2,4,41) 3 1.6 848 | 59.6 | 344 08 | 867 723 | 127 22 76.3 1720 | 136.3
4(2,5,5,1) 3 17 86.1 616 | 359 0.8 | 86. 723 | 155 22 76.8 [-1735 | 138.3
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Table 7: Performance Evaluation of Developed Model with the Data of Case Four
for Different ANN Structures and Normalisation Methods

Number of| Normalisation Calibration Period, 1998 to 2000 Verification Period, 2001 & 2002

ERre e AAERE CC.% CE % EV.% AARE CC % CE,% EV.%
3(2,3,1) 1 0.3 724 52.3 -2.9 0.5 90.2 55.1 -24.6
3(2,4,1) 1 0.3 72.3 52.1 -2.9 0.5 90.2 55.2 -24.7
3(2,5.1) 1 0.3 72.8 53.0 -1.9 0.5 91.3 58.2 -23.1
4(2,3,3,1) 1 0.3 72.8 52.9 -2.6 0.5 91.7 57.2 -23.7
4(2,4,4,1) 1 0.3 723 52.0 =-3.0 0.5 90.5 53.6 -24.6
4(2,5,5,1) 1 0.3 731 53.3 2.7 0.5 91.6 57.8 -23.8
3(2,3,1) 2 0.3 70.6 49.7 -2.8 0.6 86.3 497 -24.7
3(24,1) 2 0.3 70.6 496 -2.8 06 86.3 49.7 —24.7
3(2,5,1) 2 0.3 721 51.9 -1.8 0.5 89.6 55.9 -23.2
4(2,3,3,1) 2 03 72.0 51.7 2.7 0.5 87.8 55.2 -24.1
4(2,4,4,1) 2 0.3 71.9 51.5 =23 0.5 89.5 52.7 -23.8
4(2,5,5,1) 2 0.3 723 522 -2.9 05 89.7 55.4 —24.1
3(2,3,1) 3 0.6 69.5 36.0 242 1.0 85.0 46.3 25
3(2,4,1) 3 0.6 69.3 35.7 240 1.0 84.5 45.3 24
3(2,5,1) 3 0.5 711 389 24.2 0.9 89.0 525 33
4(2,3,3,1) 3 0.5 70.8 38.7 235 0.9 87.7 50.6 23
4(2,44.1) 3 0.6 70.9 386 23.7 0.9 88.0 50.0 2.4
4(2,5,5,1) 3 0.5 711 39.6 23.1 0.9 88.4 516 21
Four different combinations of rainfall and run-off = REFERENCES
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