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ABSTRACT

Water resources related studies involve variables, which are highly random
and uncertain in nature. Most hydrological variables exhibit a .high degree of
temporal and spatial variability. These studies are very essential to the mankind for
providing a warning of the extreme flood or drought conditions and help to optimize
the operation of systems like reservoirs and power plants etc. For better hydrological
design, we need proper modeling of the system using these variables. Many
approaches were suggested in the past. In this research study, a new modeling
approach that uses artificial neural network and fuzzy logic concepts together is
proposed for modeling hydrological problems.

Hybrid systems are designed to take advantage of the strengths of each
system and avoid the limitations of each system. It is natural for neural networks to
learn but it is cumbersome for a fuzzy system to learn. Hence a combination of the
two would result in a rule- based system that can learn and adapt. Four different
hydrological problems are modeled using the proposed fuzzy — neural network
approach for examining the usefulness of it. Proposed hybrid system approach,
which includes an artificial neural network modeling and fuzzy logic modeling is
referred as FNN (fuzzy neural network) model.

FNN model is developed for deriving the stage-discharge relationship at
various gauging stations of the main stem of river Brahmaputra with the objective of
generating missing data to get continuous stage-discharge record for a long period.
The performance of the proposed model is compared with a conventional model, a

single neural network model, a modular neural network model by simulating the

system.
v
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Second stage is carried out for river flow prediction at downstream station v,
using upstream gauging station data. Six experiments are planned and performed in
this study. The performance of fuzzy neural network.model is compared with single
neural network model.

An attempt is also made to derive general operating policies of a reservoir
system using fuzzy neural network modeling approach from deterministic dynamic
programming results for efficient reservoir operation. Two contrasting reservoir
systems one in drought prone area (Aliyar) and another in surplus system (Pagladiya)
in nature are considered in this study for assessing the ability of the developed
models using three different experiments. The suitability of this approach in
distributed flood routing is also examined by considering a small tributary of
Brahmaputra river.

The usefulness of the proposed hybrid approach has been discussed and

presented in detail.
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CHAPTER 1

INTRODUCTION

1.1 WATER RESOURCES OF INDIA

India’s economy and social structure is based on agriculture, which is based on
the monsoon rains. Most of the rivers carry floods during the monsoon periods and dry
or having low flow in the non-monsoon period. India is blessed with abundant land and
water resources but the availability of water varies considerably with respect to time and
space. Water resources development projects are vital for the development of the
country like India where almost 50% populations are living below the poverty line. After
independence, many projects were completed and made operational. But, at present, the
stress is given to the efficient management of the water resources systems developed
rather than construction of new projects due to the non-availability of sites, funds and
ecological disturbances.

Planning for the development of water resources system is very complex
in view of the competing demands for utilization. Water resources management systems
have also to be considered as integral components of other complex systems covering
the economy'of the country as a whole. It is therefore, imperative that latest modern
techniques of study and evaluation by adopting systems approach to the development of
water resources are resorted to. Systems engineering is concefned with the decision
making in relation to planning, design, construction or operation with variables which
are associated with uncertéinty, randomness and fuzzy in nature.- In the recent past one

of the important advancement made in the field of water resources systems engineering
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is the evolvement and application of optimization techniques for planning, design and
management of complex water resources systems.

Quality data are essential for better assessment of the available and dependable
natural water resources of river basins. It is also essential for comprehensive and
coordinated planning for the optimum utilization of the water resources in the rivers,
their tributaries for investigation and design of multipurpose river valley projects, for the
development of irrigation, water supply and power projects, for flood control and
mitigation, for navigation, pollution abatement etc. Most of the variables associated with
hydrological systems such as precipitation, runoff from a catchment, base flow
component, evaporation, ctc. are highly rgndom.

Many new methodologies are developed to model them closer to the reality. The
current trend seems to be to model the data rather than the physical process. For
modeling the data, the combination of Artificial neural network and Fuzzy logic are
probably the most attractive technique among the researchers which is capable of
handling imprecise, fuzzy, noisy and pfobabilistic information to solve complex
problems in an efficient manner. Neural networks are inherently non-linear, highly
parallel, robust and fault tolerant where as Fuzzy logic is capable of modecling
vagueness, handling uncertainty, and supporting human type reasoning. They estimate a
function without any mathematical model and learn from experience with sample data.

In literature, the use of fuzzy logic system concept and artificial neural network

along with other methodologies are reported in solving many hydrological studies.

TH-1856_994702



1.2 FUZZY SYSTEM

Fuzzy systems are defined by a number of fuzzy rules, a number of membership
functions, and mechanisms to apply logical operators. They are suitable for situations
where an exact model of a process is either impractical or very costly to build but an
imprecise model based on the existing human expertise can do the job. In such
situations, fuzzy systems are considered the best alternative, though they do not perform
optimally. There are numerous successful applications of fuzzy systems in control and
modeling. Uncertainties due to imprecision in objectives and model parameters in water
resources problems have been modeled with fuzzy sets in some recent works. (Bardossy
and Disse, 1993, Teegavarapu and Simonovic, 1999, Mujumdar and Sasikumar, 2002).
Fuzzy sets are an aid in providing information in a more human comprehensible or

natural form, and can handle uncertainties at various levels. The knowledge contained in

fuzzy systems is transparent to the user.

1.3 ARTIFICIAL NEURAL NETWORK MODEL

The ANN approach is based on the highly intercor;nected structure of the brain cells.
This approach is faster compared with its conventional compatriots, robust in noisy
environments, flexible in the range of problems it can solve, and highly adaptive to the
newer environments. Due to these established advantages, currently the ANN has
numerous real world applications such as image processing, speech processing, robotics,
and stock market predictions. There has been extensive research on its implementation
in the system engineering related fields such as time series prediction, rule based control,
rainfall-runoff modeling etc. In recent years, ANN methods have been successfully

applied to many studies in the field of water resources engineering.
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1.4 HYBRID SYSTEM-FUZZY NEURAL NETWORK MODEL

For complex systems, instead of a single technology, hybrid systems can easily
satisfy all the requirements of the problem. In the quest for a solution to the problem at
hand, it is natural to combine more than one technology to create hybrid systems. Hybrid
systems are designed to take advantage of the strengths of each system and avoid the
limitations of each system.

A fuzzy system adaptively infers and modifies its fuzzy associations from
representative numerical samples. Neural networks, on the other hand, can blindly
generate and refine fuzzy rules from training data. Both neural networks and fuzzy
systems are dynamic, parallel processing systems that estimate input-output functions.
Neural systems are treated in a numeric quantitative manner, whereas fuzzy systems are
treated in a symbolic qualitative manner. It is natural for neural networks to learn but it
is cumbersome for a fuzzy system to learn. Hence a combination of the two would result
in a system that can learn and adapt.

The fuzzy neural network system, which is a judicious integration of the merits
of neural networks and fuzzy approaches, enables one to build more intelligent decision
making systems. This incorporates the generic advantages of artificial neural networks
like massive paralllelism, robustness, and learning in data-rich environments into the
system. The modeling of imprecise and qualitative knowledge as well as the
transmission of uncertainty is possible through the use of fuzzy logic. In systems where
prior knowledge is available, what is known can be easily coded in rules and facts, but it

is not a simple matter to encode prior knowledge in a neural network.
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1.5 PLANNING THE PRESENT STUDY

For efficient prediction of river flow, an attempt has been made in this study to
make use of a hybrid system approach which includes an artificial neural network
modeling and fuzzy logic modeling referred as FNN (fuzzy neural network) model. The
Brahmaputra river system located in Assam State, India is considered for this study.

The newly proposed FNN modeling is carried out for derivation of stage-
discharge relationship at various gauging stations of the main stem of river Brahmaputra
with the objective of generating missing data to get continuous stage-discharge record
for a long period. For this purpose, a conventional model, an artificial neural network
model, a modular neural network model and a fuzzy neural network model have been
constructed and their performances are compared by simulating the system.

The hybrid modeling is carried out for river flow prediction at downstream
station by knowing status of upstream gauging stations. Simulation studies also carried
out to assess the performance of fuzzy neural network model and artificial neural
network model. The suitability of the proposed approach in flood routing is also
examined by considering a small drainage channel.

An attempt is also made with fuzzy neural network modeling approach for
deriving general operating policies of a reservoir system for efficient reservoir operation.
Two contrasting reservoir systems are considered in this study for assessing the ability

of the developed models using different experiments.
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{{ 1.6 OBJECTIVE OF THE PRESENT STUDY

1 The objectives of this study are to develop and investigate the applicability of the
Aglnew hybrid system approach of fuzzy systems and neural network modeling in few
*%hydrological problems. The objectives of this study are

-i(i) Building a combined (hybrid) approach using fuzzy systems and neural networks for
lghydrological studies.

| Assessing the potential of Fuzzy Neural Network (FNN) model in deriving stage-
,idischarge relationship, by comparing the model performance with traditional
,;conventional methods and other neural network models.

ii;(ii) Evaluating the applicability and potential of the hybrid approach of fuzzy neural
'ifnetwork to river flow prediction at downstream gauging station using upstream station
E;data and distributed flow routing problem.

“(iii) Extending the use of FNN model to derive reservoir-operating rules for a single

''reservoir system using the dynamic programming optimization model results.

1.7 PRESENTATION OF THE WORK

| The thesis is divided into 7 chapters. Fig 1.1 shows the organization of the thesis.
ﬁFirst chapter gives a brief introduction and objectives of the research work carried out.
v?ln the second chapter the literature is reviewed in a detailed way covering relevant
F;applications. The problem identification is also dealt in this chapter. In the third chapter,
the methodologies are discussed in detait: Developing FNN model for deriving the stage
::dischargc relationship is discussed in this chapter. The results are compared with other
. models. In the fourth chapter FNN modeling approach for river flow prediction is

~ presented. Fifih chapter presents FNN modeling approach for deriving general operating
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1 policies of a reservoir system. In the sixth chapter, the applicability of proposed FNN

I
=imodeling, approach in flood routing is examined. Chapter seven gives the summary and

¥
L

1 conclusions of the present study.

Introduction Chapter 1

Literature Review Chapter 2

L

5 Stage-Discharge relationship using FNN Chapter 3

i River Flow Prediction using FNN Chapter 4

Reservoir Operation using FNN Chapter 5

Flood Routing using FNN Chapter 6
Summary & Conclusion Chapter 7
1

Fig.1.1 Presentation Format of the Thesis
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CHAPTER 2

LITERATURE REVIEW
2.1 INTRODUCTION
A detailed review of literature is presented in this chapter in three sections.
Applications of neural network model in water resources studies are prescnted in first
section. In the second section, recent reviews of fuzzy logic application in watcer
resources systems are presented. An overview of published literature on the applications

of fuzzy neural network is reviewed in the third section.

2.2 ARTIFICIAL NEURAL NETWORK MODEL

An artificial neural network (ANN) is a parallel-distributed information
processing system that has certain performance characteristics resembling biological
neural networks of the human brain (Haykin, 1994). ANN consists of a number of
interconnected computational elements called neurons that are arranged in a number of
layers. The connection between each pair of neurons is called a link and is associated
with a weight that is a numerical estimate of the connection strength. Every neuron in a
layer receives and processes weighted inputs from neurons in the previous layer and
transmits its output to neurons in the next layer. The weighted summation of the inputs
to a neuron is converted to an output according to a transfer function (linear or sigmoidal
function).

There are wide range of ANN architectures among which the three-layer feed
forward architecture is widely used. In this network, there are two distinctive modes,

training and testing modes. In the training mode, a training data sct consisting input and
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output patterns are presented to the networks. The weights are found through an iterative
process. The back-propagation learning algorithm is popularly used to find the weights
such that the difference between the given outputs and the computed outputs by the
network is sufficiently small. After the training, the network is tested with the testing
data set (input variables only) to determine how accurately the network has simulated
the input/output relationship.

ANN models are very robust and are able to deal with outliers and noisy or
incomplete data, They are non-linear models and perform well even when limited data
are available. ANNs are sgccessfully used in hydrology related areas such as rainfall-
runoff modeling, water quality, stream flow forecasting, water management policy,
reservoir operations, precipitation forecasting etc.

In the past decade, many applications of ANN in water resources are reported in
literature. Most of the applications used feed forward type neural networks for functional
approximation problems. The combination of simplicity, interpolation, reasonalﬂy
accurate prediction statistics, ability to provide conditional simulations and
computational speed suggest that it can be a useful tool in water resources systems

analysis. Various ANN applications found in literature are reviewed in this section.

2.2.1General introduction of ANN

McCulloch and Pitts (1943) outlined the first format model of elementary
computing neurons. It was not widely adopted for the vacuum tube computing hardware

description and the model never become technically significant during that decade.
Hebb (1949) first proposed a learning scheme for updating neuron’s connection

that we now refer to as the Hebbian learning rule. He stated that the information could
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be stored in connections. In 1960s, a new powerful learning rule called the Widro-Hoff
learning rule was developed by Windrow and Hoff (1960,62). The rule minimized the
summed square error during training involving pattern classification. The cra of
renaissance started with Hopfield’s (1984) introduction of recurrent neural network
architecture for associative memories.

Another revitalization of the field came from the publication of two volumes on
parallel distributed processing edited by James Rumelhart and McClelland (1987). The
new learning rules and other concepts introduced in this work had removed one of the
most essential network training barriers that grounded the main stream efforts of the mid
1960s and it opened a new era for the once under-estimated computing potential of
layered network. Lipmann (1987) introduced the use of neural network in functional

approximation problems and discussed the merits of this procedure.

2.2.2 Applications of ANN in Water Resources System Studies
Rushid and Wong (1992) used pattern-matching capability of ANN to determine

the aquifer parameter values from aquifer test data. In their study, neural network was

trained to recognize patterns of normalized draw down data as input and the

corresponding aquifer parameters as output. The results obtained were in good

agreement with published results obtained using other techniques.
French et al. (1992) developed three-layered ANN to forecast rainfall intensity

fields in space and time. They used back-propagation algorithm. After training with

input patterns, the ANN was used to forecast rainfall using the current fields as input.
Results showed that ANN was capable of learning the complex relationship describing
the space-time evolution of rainfall. The ANN performance was compared with two

10
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other methods of short term forecasting, persistence and now casting. Now casting is a
local weather forecasting with forecast lead-time up to 2 hours. This approach relied
heavily on the timely use of current data in which remote sensing observations play a
dominant role. They also concluded that the ability of the ANN to generalize the data
not included in training depends on selecting a number of hidden nodes large enough to
provide a means for storing higher order relationships necessary for adequately
abstracting the process.

Tang and Fishwick (1993) studied the artificial neural network approach as a
model for time series forecasting and compared it with the box Jenkins model.

Ranjithan et al. (1993) presented a screening approach, which used the pattern
classification capability of neural network for ground water reclamation. They showed
that this ground water management model could yield highly reliable remediation
designs.

Rogers and Dowla (1994) proposed a new approach to the non-linear ground
water management methodology, which optimized the aquifer remediation with the
ANN.

Rizzo and Dougherty (1994) proposed a method called neural kriging for pattern
completion based on the application of ANN and processing many operational
objectives of the ordinary kriging approach. Kriging is an interpolating method of
pattern completion that is widely used in the geo-hydrologic studies. Kriging leads to
unbiased estimates of the field variable at a given point and the variance of the
estimation error at that point. This network was described, implemented in a
parallelising algorithm and applied to developed maps of discrete spatially distributed
fields. A comparison with a reference field showed that the neural kriging network

11
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produced unbiased errors relative to sample bias and reproduced the variogram
(graphical representation of variance in different lags) of a quantised random field with
reasonable accuracy.

Saad et al. (1994) described a disaggregation procedure by training ANN. After
training, this network éave the storage level of each reservoir of a system when supplicd
with the value of an aggregate storage level. The training was obtained by solving the
deterministic operation problem of a large number of equally likely flow sequences. The
training was done by back-propagation, and the minimization of quadratic error was
computed by gradient method. The aggregated storage level was determined by
stochastic dynamic programming (SDP) algorithm in which all hydroelectric reservoirs
were aggregated to form one equivalent reservoir. A comparison with principal
component analysis disaggregation technique with NN based technique was presented in
this paper.

Smith and Eli (1995) used ANN to model rainfall runoff process. They used a 5
x 5 grid cell synthetic watershed to generate runoff from stochastically generated rainfall
patterns. A back propagation algorithm was trained to predict the peak discharge and the
time of peak resulting from single rainfall pattern. Various applications reported in
literature revealed that ANN is a tool, which can perform in a better manner than the
conventional statistical tools in function approximation problems.

In a preliminary study, Halff et al. (1993) designed a three-layer fced forward
ANN using the observed rainfall hyetographs as inputs and hydrographs recorded by the
U.S. Geological Survey (USGS) at Bellvue, Washington, as outputs. The authors

decided to use five nodes in the hidden layer. A total of five storm events were
considered. On a rotation basis, data from four storms were used for training, while data
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from the fifth storm were used for testing network performance. A sequence of 25
normalized 5 min. rainfalls was applied as inputs to predict the runoff.

Hjelmfelt and Wang (1993a-c) developed a neural network based on the unit
hydrograph theory. Using linear superposition, a composite runoff hydrograph for a
watershed was developed by appropriate summation of unit hydrograph ordinates and
runoff excesses. To implement this in a neural network framework, the number of units
in the inputs and hidden layer were kept as the same. The inputs to the ANN were
S€quences of rainfall. Instead of the threshold function, ramp transfer function
corresponding to the rainfall @ index was used for the hidden layer. The resulting
network was shown to reproduce the unit hydrograph better than the one obtained
through the standard gamma function representation.

In a later study, Hjelmfelt and Wang (1996) compared this method with a regular
three-layered artificial network with back propagali.on. The authors concluded that a
regular network could not reproduce the unit hydrograph very well and was more
susceptible to noise than a network whose architecture was more suited for unit
hydrograph computations.

In an application using two neural networks, Zhu et al. (1994) predicted upper
and lower bounds on the flood hydrograph in Butter Creek, New York. Off-line
predictions were made when present flood data were not available and estimates had to
be based on rainfall data alone. On —line predictions were based on both rainfall and
previous flood data.

The issue of enhancing the training speed using a three-layer nctwork was
addressed by Hsu et al. (1995) and Gupta et al. (1997). These studies advocated the

linear least squares simplex algorithm, which partitions the weight space to implement a
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synthesis of two training strategies. Gupta et al. (1997) concluded that the linear least
square simplex algorithm is a better training algorithm than back-propagation or
conjugate gradient techniques.

Hsu et al. (1997) used a three layer feed forward ANN and recurrent ANN to
model daily rainfall-runoff. They concluded that the feed-forward ANN needed a trial
and error procedure to find the appropriate number of time delayed input variables to the
model and also was not suitable to distributed watershed modeling. On the other hand,
the recurrent ANN was able to provide a representation of the dynamic internal feedback
loops in the system, eliminating the need for lagged inputs and resulting in a compact
weight space. However, both ANNs performed equally well at runoff prediction.

Carriere (1996) developed a virtual runoff hydrograph system that employed a
recurrent back-propagation artificial neural network to generate runoff hydrographs. A
recurrent back-propagation network was utilized in which input layer feeds back to itsclf
during training to capture time dependents in the series. The network consisted of seven
input nodes, thirty-five nodes in hidden layer, and a single node in the output layer. The
author concluded that the neural network could predict runoff hydrograph accurately,
with good agreement between the observed and predicted values.

In a study by Minns and Hall (1996), data for network for training consisted of
model results from one storm sequence, and two such sequences were generated for
testing, A three-layer network with back-propagation was used. It was found that ANN
performance was hardly influenced by level of non-linearity, with performance
deteriorating only slightly for high levels of non-linearity. They pointed out the
importance of standardization based on maximum and minimum values of inputs and
outputs. Whenever the networks was required to predict “out of range” of the
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standardized values, the performance dropped significantly, suggesting that ANNs are
not very good extrapolators.

Haykin (1994) showed that design of a supervised neural network might be
pursucd in a number of different ways. e viewed the back-propagation algorithm for
the design of a multilayer perception (under supervision) as an application of stochastic
approximation and the radial- basis function (RBF) networks as a curve-fitting problem
in a high dimensional space. The author concluded that the learning for such networks
was equivalent to finding a surface in a multidimensional space that provided a best fit
to the training data, with the criterion for “best fit” was expressed in a statistical sense.

Mason et al. (1996) used radial basis function networks for accelerating the
training procedure as compared with regular back-propagation techniques. The authors
briefly discussed network architectures and compositions and tried five different forms
of basis functions in their study. They concluded that, while radial based function
networks did provide for faster training, such networks require the solution of a linear
system of equations that may become ill conditioned specially if a large number of
cluster centers are chosen.

Jayawardena and Fernando (1995, 1996) and Fernando and Jayawardena (19938)
also used RBF methods for flood forecasting. They illustrated the application of (RBF)
artificial neural networks using an orthogonal least squares algorithm (OLS) to model
the rainfall-runoff process.

Shamseldin (1997) compared ANNs with a simple linear model, a scason-based
linear perturbation model, and a nearest neighbor linear perturbation model. The results

suggested that the neural networks generally performed better than the other models

during training and testing.
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Tokar and Johnson (1999) reported that ANN models provided higher training
and testing accuracy when compared with regression and simple conceptual models.
Their target was to forecast daily runoff for the Little Patuxent River, Maryland, with
daily precipitation, temperature, and snowmelt equivalent serving as inputs. It was found
that the selection of training data has a large impact on accuracy of prediction. The
authors trained and tested the ANN with wet, dry, and average year data, respectively, as
well as combinations of these, in order to illustrate the impact of the training series on
network performance. The ANN that was trained with wet and dry data had the highest
prediction accuracy. The length of training record had a much smaller impact on
network performance than the type of training data.

Dawson and Wilby (1998) used a three-layer back-propagation network to
determine runoff over the catchments of the rivers Amber and Mole. ANN inputs were
past flows and avcrages of past rainfall and flow valucs. The ANN output consisted of
predicting future flows at 15 minutes interval up to a lead-time of six hours. When
compared with actual flows, the ANNs appeared to overestimate low flows for the Mole
river.

Bonafe et al. (1994) assessed the performance of a neural network in forecasting
daily mean flow from the upper Tiber river basin in central Italy. The previous
discharge, daily precipitation, daily mean temperature, total rainfall of the previous five
days, and mean temperature over the previous ten days were selected as ANN inputs,
They concluded that the ANN was able to yield much better performances than ARMA
models.

Islam and Kothari (2000) reviewed and examined the utility of ANNs in

characterizing, estimating, and predicting remotely sensed hydrologic processes and data
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from multiple sources. Tiley studied two different types of ANN-recurrent n
self-organizing networks in addition to multiplayer feed forward networks for spatial
characterization of heterogeneous land surface processes.

Zhang and Govindaraju (2000) used modular neural networks for predicting
monthly runoff for three medium sized watersheds in Kansas. They found that although
singular neural networks tend to predict average events satisfactorily but they are not
successful in predicting extreme events. The modular neural network architecture used
here had one gating network and three expert networks to symbolically represent low,
medium and high runoff events as runoff generation mechanisms are dominated by
different physical processes for discharge events of differing magnitudes. Bayesian
concepts were utilized in deriving training algorithm. Modular neural network showed
improvement over ANN, which is directly dependent on the separability of the input
space.

Thandaveswara and Sajikumar (2000) used ANNs for classification ol river
basins with a case study in India. They used ANN for clustering the basins on the basis
of hydrological homogeneity. They carried out the study to check whether the
classifications in the data hyperspace have any physical meaning or not. They also

attempted to check whether the clustering with factors that affect runoff has any effect in

runoff values of each cluster.

Burian et al. (2001) used ANN to perform rainfall disaggregation and found that

the NN model can be applied effectively with various considerations like standardization

of data, geographic location of training data, number of training iterations, number of

hidden neurons. They concluded that data from rainfall gauging stations within several

17
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hundred kilometers of the station to be disaggregated were adequate for training the

ANN rainfall disaggregation model.

2.2.3 Modeling stream flows

Stream flows are often treated as estimates of runoff from watershed. The papers
that have directly dealt with streamflow itself, usually without involving precipitation as

input are presented in this section. Prediction of a river flow or stream flow constitutes
major input information in water resources planning and management. Such a

prediction, if done on a continuous basis, would be helpful in many ways.

Kang et al. (1993) used ANNs and autoregressive moving average models to
predict daily and hourly stream flows in the Pyung Chang River basin in Korea.

Different three-layered ANN architectures were investigated. They concluded that

ANNS s are useful tools for forecasting stream flows.

Raman and Sunilkumar (1995) employed an ANN to model a multivariate water

resource time series and compared the results with those obtained by traditional

autoregressive moving average (ARMA) models. The objective was to synthesize

monthly inflow data for two reservoir sites in the Bharathapuzha basin in south India. A

three-layer feed forward ANN with back propagation was used in this study. The

consecutive normalized inflows to the reservoir for two previous months were chosen as

inputs. The output was normalized inflow for the current month. They concluded that the

results obtained using the ANN compared well with those obtained using statistical

models.

Karunanithi et al. (1994) used ANN in estimating stream flows at an ungauged

site on the Huron River in Michigan. They compared ANN performance to an empirical
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two-station power law relationship that is based on log-transformation of the actual
stream flow values. They used cascade-correlation algorithm so that the network
architecture could be determined during training. They found that largest errors were
associated with the highest stream flows. Neural networks were found to better predict
these high events, while both methods predicted low stream flows fairly well. They
stated that ANNs are capable of adapting their complexity to accommodate temporal

changes in historical stream flow records. They claimed that ANNs are likely to be more

robust when noisy data is present in the inputs.

Markus et al. (1995) used ANNs with the back-propagation algorithm to predict
monthly stream flows at the Del Norte gauging station in the Southern Colorado. The
inputs used were snow water equivalent alone, or snow water equivalent and
temperature. They used periodic transfer functions (PTF) to predict stream flows based
on similar inputs as an alternative form of prediction. They looked at forccast bias and
root mean square error for assessing model performance. The results indicated that both
ANNs and PTFs did a good job of predicting stream flows, and that including
temperature as input improved model performance.

Poff et al. (1996) used ANNS to evaluate the changes in stream hydrograph from
hypothetical climate change scenarios based on precipitation and temperature changes.
The synthetic daily hydrograph was generated based on historic precipitation and
temperature as inputs. They studied two streams in the northern United States under
different climatological factors. Three classes of hydrological variables of interest were
derived from ANN-generated stream flow output such as mean flow condition, high

flow condition and low flow condition. The ecological implications of these changes for

the two streams were discussed in terms of the hydrological variables.
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Muttiah et al. (1997) also used the cascade-correlation algorithm in their efforts
to predict two-year peak discharge from watersheds all over the continental United
States. They investigated the possibility of a single model that could predict peak
discharges from local to regional-sized watersheds. Network inputs consisted of the log
of the drainage basin area, elevation, average slope, and average annual precipitation.
The authors claim that ANNs showed some improvement over the standard regression
techniques employed by the U.S. Geological Survey. Using input vector reduction
techniques based on the cascade-correlation method, they concluded that drainage area
and basin elevations could be used for predicting two-year peak discharges.

Liong et al. (2000) used ANN on flow forecasting in Dhaka, Bangladesh with
very high degree of accuracy even for a seven lead day model. They found that it is
important to determine the dominant model inputs, as these reduce the size of the
network and consequently reduced the unnceessary data collection. They also analyzed

the sensitivity of the inputs to verify the importance and found that the removal of the

less sensitive inputs neurons insignificantly reduced the accuracy degree of the eight

inputs neuron model.

Thirumalaiah and Deo (1998) selected a three-layer ANN for predicting flood

stages for the city of Jagdalpur, India. The ANN was trained with back-propagation,

conjugate gradient and the cascade-correlation algorithm, respectively. They found that

the three training algorithms performed equally well in terms of predicting river stages.

Back-propagation nceded the most training epochs, and the cascade correlation needed

the least. The ANNs predicted lower water levels accurately but generally

underestimated the high water levels.
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Thirumalaiah and Deo (2000) used ANN to real time forecasting of runoff and

river stages at a gauging station in India. They concluded that flexible selection of the

nctwork architecture by the cascade-corrclation training algorithm helped in reducing
training time, which is an important factor in adaptive forccasting. They concluded that
the excellent capability of the ANNs in qualitative decision making in hydrological
forecasting as compared to multiple regression model.

Birikundavyi et al. (2000) used ANN for daily stream flow forecasting in the
Mistanibi River, northeastern Quebec and found that ANN out perform the deterministic
model PREVIS for up to a 5-day ahead forecasts. The results obtained with ANN were
superior than classic auto-regressive model coupled with Kalman filter. They used
previous days discharge, temperature, rainfall, and snowmelt days as inputs of the
model.

Ichiyanagi ct al. (19906) uscd lincar function between input and output ncurons (o
forecasting methods of time variation of the flow rate into a dam for a hydropower plant
and found that prediction accuracy improved over sigmoidal function. They also found
that linear function based neural network was able to forecast not only time variations of

the flow rate displaying a single high and sharp peak but also once with multiple peaks.

They attempted to forecast river flow rate following a fall of rain on the Hatanagi-

Daiichi Dam. which feeds a hydropower plant located on the upper section of the Oi-

River in central Japan.

The review on ANN applications indicates the merits and problems associated

with ANN models. One of the major shortcomings of this approach is that the

knowledge that is contained in the trained networks is difficult to interpret, because it is
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|| distributed across the connection weights in a complex manner. However, care must be

taken not to present contradictory information to the ANN.

2.3 FUZZY LOGIC

Fuzzy logic is a superset of conventional (Boolean) logic that has been extended
to handle imprecise data and the concept of partial truth. Lotfi A.Zadeh initiated fuzzy
theory in 1965 with his seminal paper “Fuzzy Sets™ (Zadeh, 1965). He developed the

concept of “state”, which forms the basis for modern control theory. In the early’60s, he

thought that the classical control theory had put too much emphasis on precision and

therefore could not handle the complex systems. As early as 1962, he wrote that to

handle biological systems “we need a radically different kind of mathematics, the

mathematics of fuzzy or cloudy quantities which are not describable in terms of

probability distributions” (Zadeh, 1962). Later, he formalized the ideas into the paper

utomatic control in more and more

“Fuzzy Sets”. Fuzzy logic has been used for a

commercially available products such as camcras, where it is used for automatic

focusing; and washing machines, which automatically adjust their washing cycles in

response to the size of the load and how dirty the clothes are (Klir and Folger, 1998).

Fuzzy logic has been used in a number of water-resource applications but

generally as a refinement to conventional optimization techniques in which the usual

“crisp” or “hard” objective and some or all of the constraints are replaced by fuzzy ones

(e.g., Parent and Duckstein, 1993; Kindler, 1993). The objective then can be formulated

as maximizing the minimum membership value, which has the effect of halancing the

degree to which the objective is attained with degrees to which the constraints have to be

relaxed from their optimal values. In other applications, fuzzy membership functiong are

lale]
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treated as utility curves for individual objectives with the overall objective of
maximizing a weighted sum of these membership values (Gates et al., 1991; Heyder et
al., 1991).

As suggcested by name, fuzzy logic does not provide rigorous way for developing
or combining fuzzy rules. As a result, there are many alternative way of doing so.
Agsorn (1995) experimented with some of the more widely used alternatives, using as
an example a simple nonlinear function of two variables, which made it possible to
compare the results from the alternatives against the right answers (since these could be

computed from the function). A relatively simple procedure was found to give best

results, so it was adopted for this study.

Fuzzy logic has been successfully used in reservoir operation also as it is

associated with imprecision and uncertainties.
Russell and Campbell (1996) developed rcservoir-operating rules with fuzzy
programming and found that it is a promising area but suffers from “curse of

dimensionality”. They found that it could be a useful supplement to other conventional

optimization techniques.

A fuzzy rule based approach was adopted by Shrestha et al. (1996) to emulate

reservoir operator’s experience.
Fontane et al. (1997) used an implicit stochastic dynamic programming (SDP)

formulation to derive operating rules with imprecise objectives; all operating objectives

were considered as fuzzy sets, and preferences were described linguistically.
Esogbue and Kacprzyk (1998) presented a fuzzy criterion dynamic programming

that sought to maximize the expected fuzzy criterion function representing the degree of

satisfaction associated with the states of the system.
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Tilament et al. (2001) developed a fuzzy explicit SDP (FSDP) approach with
fuzzy operating objectives and a fuzzy intersection between immediate and future
consequences associated with release decisions.

Dubrovin et al. (2002) developed a fuzzy rule based control model for
multipurpose real-time reservoir operation and found that it is better to fulfill the new
multipurpose operational objectives determined by the experts.

Tilament et al. (2002) developed a fuzzy stochastic dynamic program to solve
multipurpose multi-reservoir operation problems for deri\}ing optimal operating policies.

Conclusions from Agsorn’s experiments (1995) and other studies (Campbell
1993;Tamaki 1994) were (a) The fuzzy system works best when the rules linking
outputs to inputs can be accurately specified. (b) Sets of rules can be developed from
operating data by the fuzzy inference method, but these are not quite as good as from
accurate results. However, they can be improved by giving greater weight to inputs with
larger membership functions and incorporating any insights from relevant theory and
experience. (c) The system is robust in that some rules can be left out or can contain

errors without seriously compromising performance. (d) Fuzzy logic programming is

: : e . :
subject to the same “curse of dimensionality” as are other optimization techniques.

2.4 NEURO-FUZZY MODEL
During the past few years, fuzzy neural network (FNN) has emerged as one of
the most active and fruitful areas of research in the ficlds of fuzzy logic and ncural

networks. It is concerned with the integration of the two fields in which significant

advances have been made in the last decade. Several merger types of ANNs and fuzzy
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systems have been reported in the literature. They include various representations and
architectures and therefore are suitable for different applications.

The concept of neuro-fuzzy systems has emerged as researchers have tried to
combine the transparent, linguistic representation of a fuzzy system with the learning
ability of an ANN (Brown and Harris, 1994).

A neuro-fuzzy system uses an ANN learning algorithm to determine its
parameters (i.e. fuzzy sets and fuzzy rules) by processing data samples. Therefore, it can
be trained to perform an input/output mapping, just as with an ANN, but with the
additional benefit of being able to provide the set of rules on which the model is based
The integration of neural and fuzzy systems leads to a symbiotic relationship in which
fuzzy systems provide a powerful framework for expert knowledge representation, while
neural networks provide learning capabilities and kexceptional suitability for
computationally efficient hardwarc implementations (Mitra and Hayashi, 2000).

There have been many attempts to synthesize Fuzzy Neural Network (FNN)
model and according to their integration methodologies, two major categories of FNN
can be identified. One is based on the fuzzification of conventional neural network
model and the other is based on the implementation of conventional fuzzy systems using
neural networks (Chung and Duan, 2000).

Methods proposed by Kosko (1992) and Jang (1993) are among many variations
that combine neural networks and fuzzy system. Kosko (1992) used competitive
ms. Jang (1993) proposed a hybrid back-

networks to generate rules for fuzzy syste

propagation/least square learning method to tune the parameters of a so-called adaptive

network based fuzzy inference system.
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Jang and Sun (1993) have shown that fuzzy systems are functionally equivalent
to a class of radial basis function (RBF) networks, based on the similarity between the
local receptive fields of the network and the membership functions of the fuzzy system.

Hayashi et al. (1993) fuzzified the delta rule for multiplayer perceptron (MLP)
using fuzzy numbers at the input, output, and weight levels. But there were problems
with the stopping rule.

Sayed and Razavi (2000) used a neuro-fuzzy approach for behaviour mode

choice modeling to study the feasibility and advantages of the proposed approach. They

showed that the capability of the proposed approach is similar or better than the
conventional method and ANNs. They also observed that the approach used least

amount of information in terms of the number of inputs.

In this research study, fuzzy neural network (FNN) modeling approach had been

attempted to few hydrological studies by combining the efficiency of both the modcling

approaches. This new approach is applied to derive stage discharge relationship, river

flow prediction, flood routing and deriving general operating policies of a reservoir

system. The problems considered here involve variables, which arc by very nature,

suitable for fuzzy modeling. For each case, the newly proposed modeling approach is

compared with ANN models and other conventional models and the merits and other

problems are explored in detail.

Using the better FNN modeling approach which defines the stage discharge

relationship, the missing discharge informations for the considered major river flow

gauging sites of Brahmaputra river are generated from stage values. With the flow data

at four gauging sites, using fuzzy neural network approach, river flow prediction models

are developed and their performances are examined.
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The suitability of the proposed hybrid model is examined in flood routing by
considering a small drainage channel. Also, an attempt has been made to derive general
operating policies for a reservoir operation from optimization results using fuzzy neural
network model. For this purpose, an upcoming reservoir called Pagladiya dam in Assam

state and existing reservoir called Aliyar dam in Tamil Nadu, India are considered as a

case studies.
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CHAPTER 3
FUZZY NEURAL NETWORK MODEL FOR DERIVING STAGE-
DISCHARGE RELATIONSHIP

3.1 ARTIFICIAL NEURAL NETWORK (ANN)
An interesting idea emerging from the vast pool of computer-based research is

the possibility of emulating the processing mechanism of the brain. Although the

biological unit still outperforms any man-made tool in terms of recognition, analysis,

prediction, and particularly learning, the alluring success from the brain —simulation

modcls has provided cnough motivation for cxtended rescarch. The ANN approach is

based on the highly interconnected structure of the brain cells. This approach is faster

compared with its conventional compatriots, robust in noisy environments, flexible in

the range of problems it can solve, and highly adaptive to the newer environments. An

ANN consists of a number of neurons that are arranged in an input layer, an output

layer, and one or more hidden layers. The input neurons receive and process the input

signals and sends the output to other neurons in the network where this process is

continued. This type of network where information passes one way through the network

is known as a feed forward network. A three-layer feed forward ANN along with a

typical processing element, an activation function, and a threshold function embedded to

its body as shown in Fig.3.1. The data passing through the connections {from one ncuron

to another are manipulated by weights that control the strength of a passing signal. When

these weights are modified, the data transferred through the network changes and the

network output alters.
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The weights are adjusted to obtain the desired response from an ANN. This
process is called learning. Several learning examples are presented to the ANN, and
when it has learned enough examples, it is considered to be trained. After the learning
cycles, the weights are frozen. A data set that the ANN has not encountered before is
presented to validate its performance. Depending on the outcome, either the ANN has to
be re trained or it can be implemented for its designated use. Developing a neural
network is unlike developing software because it is to be trained but not programmed.
Rumelhart et al. (1986) give a lucid description of ANNs and their training aspects.

The multi-layer feed forward networks have been found to have the best
performance with regard to input-output function approximation (Hsu et al. 1995). In
hydrology, ANNs have been used for flow predictions, flow/pollution simulation,
parameter identification, and to model complex non-linear input-output time series.

A feedforward error back propagation (BP) network may be adopted under a
supervised learning mode; this is the most popular of the ANN architectures. Neurons in
the input layer act as buffers through which input data are sent. The dummy neuron acts
as a bias factor. The number of neurons in the hidden layer is decided after a rigorous
course of training and testing. The sigmoidal function or linear function may be used for
the activation function. The basic characteristics of the sigmoidal function are that it is
continuous, differentiable everywhere, and is monotonically increasing. The output is
always bound between 0 and 1 and the input to the function is not restricted. Using

sigmoidal function, the output y; from a neuron in the hidden layer becomes

1
yj:f(Zw_iixi):W (3.1)

Where
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By

wji = the weight of the connection joining the i"™ neuron in the hidden layer with the i
ncuron in the input layer,
x; = the value of the i neuron in the preceding layer, and

y; = the output from the j'™ neuron in the layer under consideration.

The working principle of feed forward network is available elsewhere (Masters
1993). Mathematically, a three layer neural network with I input nodes, J hidden nodes

in a hidden layer and K output nodes can be expressed as:

L N
Op = fl[z ijfz[z ng,,,. + b'f)-i- b: ],Vk el,2,..K (3.2)
j=l fml

Where

O px = the output from the k™ node of the output layer of the network for the P"
vector (data point)

x pi = the input to the network for the P" vector (data point)

w'jx = the connection weight between k™ node of the input layer and j‘h node of
the hidden layer

b, and b*, = bias terms

fi(.) and f3(.) = activation functions.

3.1.2 Training of ANN

The generalized delta rule, popularly known as back propagation algorithm
(Rumelhart et al. 1986), for training the network is embodied in the following steps:
(1) Start with an assumed set of weights. The initial weights are initialized with the help

of a random number generator and they are very close to zero.

(2) Apply an input vector to the network and calculate the corresponding output values,
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(3) Compare the actual outputs with the correct outputs and determine a measure of the
Crror,

(4) Determine the amount by which each weight needs to be changed. In the BP
algorithm, the weight associated with a neuron is adjusted by an amount proportional to
the strength of the signal in the connection and the total measure of the error.

(5) Apply the corrections to the weights. The total error at the output layer is then
reduced by redistributing this error backward through the hidden layers until the input
layer is reached.

(6) Repeat the items 1-5 with all the training vectors until the error for all vectors in the

training set is reduced to an acceptable value. In the steepest gradient descent algorithm,
the weight update in iteration t is given by

oE
Awlr) =~ 5=

) +ahw(t —1) : (3.3)

Where,
E = sum of squares of errors at output layer,
M= learning rate parameter, and

o = the momentum parameter.
For the flexibility of not forcing the response surface to pass through the origin, bias
units are added in input and hidden layers, which are always given an input equal to 1.
The error back propagation algorithm flow chart, which is used in this study, is given in
Fig.3.2.

The ANN objective function surface is typically non-convex and contains
multiple local optima. It has extensive regions that are insensitive to the variations in the

network weights. This results in some major limitations of the BP algorithm. (a) These
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L R

network weights. This results in some major limitations of the BP algorithm. (a) These

are easily trapped by local optima. (b) The convergence is a slow process. () The

architecture is often ineffective, when searching weight spaces of high dimension. (d)

Performance of a BP-ANN simulator is quite sensitive to the initial starting point.

The training of the data is carried out by monitoring the indices, namely mean square

error (mse) and mean relative error (mre). These indices are defined as

1. Mean square error (mse)

mse = —ZZ( M _ ) (3.4)

q j=t

2. Mean relative error (mre)

i —-—ZZ ®

Yj my 100 (3.5)
pPq q j=1

In which,

p = number of patterns used for training,

q = number of nodes in the output layer,

yj(t) = the target output pattern value (used for training) and

yj = output from the neural network model.

The mse value indicates the goodness of fit at high output values and the mre value
indicates the goodness of fit for moderate output values (Karunanithi et al. 1994). The

number of neurons in the hidden layer, the number of hidden layers and the

normalization factor for the data considered are decided after many trials by studying the

performance of the ANN training indices.

-
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3.1.3 Choosing Best Network

The network architecture, learning rate 1 and momentum factor a values are
finalized after examining various combinations. The learning rate has a significant
influence on the performance of the network. The learning rate indicates the rate of
change of the weight vectors during training. If it is too large, oscillation of the weight
vector results and the ANN model will remember only the training data. It means that

the trained network will not be generalized for application to other data sets. On the
other hand, if the learning rate is too small, the convergence will be very slow. Similarly
a momentum factor o is used to accelerate the convergence. The momentum term

determines the effect of previous weight changes on the present change in the weight

space; this frees a solution trapped by local optima. Addition of momentum term

sometimes results in faster training.

The number of neurons in the hidden layer in a multi-layered ANN is a subject to

debate. Typically the generalization of prediction and accuracy of an application

increases as the number of hidden neuron decreases; as the number of hidden neurons

increases there is corresponding increase in the number of parameters describing the

approximating function (Burian et al. 2001). When there is a large number of neurons in

the hidden layer, the trained ANN is more specific to the training data.

For sigmoidal function, the output value from the network lies between O and 1.

Hence normalization of the output data is required. The interconnecting weights are

initialized by random numbers between —1 and +1.The weights are readjusted during

training using the back-propagation algorithm for the given patterns.

-
-- - e . C
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The number of training iterations plays a significant role in predicting
capabilities of the network. A training iteration is the process of showing a series of
training data sets to the network and updating the weight matrix representing the
connections between the neurons. Usually more training iterations are required if the
relationship between inputs and outputs is complex. This needs more computing time.
But there is a limit to the number of training iterations beyond which only marginal
improvement in performance occurs; somctimes there is a deerease in performance.

The network architecture, learning rate, momentum factor, normalization factor,

number of training iterations are decided for each case of different hydrological studies

after different trials.

3.2 FUZZY SYSTEM MODEL

Fuzzy models are suitable for situations where the process involves imprecise

and uncertain quantities. Fuzzy model are used to solve problems with imprecise

parameters and insufficient information. Fuzzy sets are an aid in providing information

in a more human comprchensible or natural form, and can handle uncertaintics at

various levels. In fuzzy systems, the knowledge can be captured in terms of rules and

linguistic variables. The concepts and operational algorithms are given in many

textbooks, for example Kosko (1992,1993), Klir and Folger (1998), McNeill and Thro

(1994), Pedrycz (1993), and Zadeh and Kacprzyk (1992).

In fuzzy logic, variables are «“fuzzified” through the use of membership functions

that define the membership degree to fuzzy sets. A fuzzy subset A of a universe of

discourse U is characterized by a membership function pa(x), which associates cach
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element x € U, a membership pa(x) in the interval [0,1] that represents the grade of
membership in A (Sayed and Razavi, 2000). The three important components of a fuzzy

sct arc given in Fig.3.3.

Generally, a small number of linguistic terms (e.g. HIGH, MEDIUM, LOW),

referred to as fuzzy sets, are assigned to each variable (e.g., river discharge). These
fuzzy sets overlap and cover the necessary range of variation for that variable. The key
ideas are that fuzzy logic allows for something to be partly this and partly that, rather

than having being either all this or all that; and that the degree of “belongingness™ to a
sct or category can be described numerically by a membership number between 0 and 1.

This transformation of real valued inputs into a degree of membership to a particular

fuzzy set is called “fuzzification”. Membership functions can be of different type of

forms, including triangular, trapezoidal and Gaussian and B-spline functions (Brown and
Harris, 1995). Even though fuzzy membership functions can take many forms, but

simple straight-line functions are often preferred. Triangular functions with equal base

width are the simplest possible and these are often selected for practical applications.

Fuzzy algorithms are formed by the union (use of the fuzzy OR operator) of

individual fuzzy rules (Brown and Harris, 1994). The way in which the fuzzy operators

(IF, THEN, AND, OR) are implemented can have a significant impact on model

performance. Generally, truncation operators are used for this purpose (Zadeh, 1973).

However, the use of algebraic operators has recently gained popularity (Wang and

Mendel, 1992) as they produces smoother outputs (Brown and Harris, 1994). If a real

valued output is required, a defuzzification process has to be carried out. This is

generally achieved by either using a mean of maximums or a center of gravity
defuzzification strategy (Brown and Harris, 1994).
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Fuzzy systems are defined by a number of fuzzy rules, a number of membership
functions, and mechanisms to apply logical operators. Fuzzy rules can be of the

following form:

“ If the value of variable x is LARGE and variable y is MEDIUM then the variable z is

SMALL.” (3.6)

It is claimed that such rules more closely resembled the way we think than the more
explicit mathematical rules. To model the thinking of a human expert, input variables are
specified by category, such as “LARGE”; and fuzzy rules such as the one outlined in the

preceding are developed on the basis of the expert’s knowledge and experience. In the

fuzzy inference method, sets of inputs data along with the corresponding outputs are

provided to the fuzzy system and it “learns” how to transform a set of inputs to the

corresponding set of outputs through a fuzzy associative mapping (FAM), sometimes

called fuzzy associative memory (Kosko, 1992, 1993).

3.2.1 Fuzzy Compositional Rule of Inference

The simple mini-max method of fuzzy compositional rule of inference is used in

this study.

Let us consider a rule

Ifx is VERY SMALL and y is MEDIUM then the output z is MODERATE 3.7

First using the predicates, according to the mini — max method, the truth functions of the

predicates are compared and minimum of it is considered.

W et = Min (pvs(xi), tm (yi)) (3.8)
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Then the maximum of the truth functions of I ors and pL , will be considered for the next
stage and used for truncating the output surface (Fig.3.4) i.e.
Max (Min (pvs(xi), ku (%)) B mo(Z)) (3.9)
When more than one rule is fired then the final surface is decided by comparing the end
result of both the rules. For example, let us consider the following rule base.
If x is VERY SMALL and y is MEDIUM, then the output z is MODERATE
If x is VERY SMALL and y is LARGE, then the output z is MODERATE
(3.10)
The output surface is truncated as (Fig.3.5).
Max {Min (pvs(Xi), i (¥i)s 1 Mo(Z)), Min (pvs(xi), b (%), 1 Mo(Z))} (3.11)
A fuzzy logic system is more flexible and more transparent. Using the black box

analogy, it is possible to open the lid, see how it works, and adjust it if necessary. The

general fuzzy system modeling is given in Fig.3.6.

3.3 NEURO-FUZZY HYBRID MODEL

While neural networks are ideal for modeling known or unknown associations
that exist between the input and output data, significant data cleaning and preprocessing
are usually needed and the input data must be carefully prepared for the network to
process. However, sometimes, training requires substantial time and resources. These
difficulties restrict the widespread use of neural networks in many applications. In many
decision-making systems, it is important to be able to explain the process by which the
decision is made. In most of the cases, the development of ANN models were either

described poorly or carried out incorrectly (ASCE task committee, 2000).
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The main concept in fuzzy logic is to use unsharp boundaries of membership
functions to describe the implicitly imprecise concepts in data representation. From this
perspective, fuzzy logic is ideally suited for user interactions and data representation.
Using the extension principle, most of the crisp operations can be readily adapted to
fuzzy operations. In the crisp domain, models are made using regression or
autoregressive-moving average representations. Likewise in the fuzzy domain, fuzzy
models can also be made using fuzzy rcgrcssio‘n and fuzzy operators. Hence, fuzzy
operations include both logical operations and numerical operations. Another useful
feature of fuzzy logic is its ability to make inferences. Propositions are readily
represented by fuzzy values. Since implication is also a fuzzy operator, approximate
reasoning can be carried out naturally as fuzzy computations.

The concept of fuzzy logic clearly complements those of neural networks. The
fuzzy logic provides knowledge from the data set but the neural network could not
provide any knowledge to the user from the data set. Fuzzy logic can be used to model a
system. Again, neural networks are suitable for modeling diverse type of systems. If
there is prior knowledge about a system, fuzzy logic can easily convert the knowledge in
terms of rules and relations. But it is difficult to preprogram a neural network with prior
knowledge.

The proposed methodology is presented in the Fig.3.7. The algorithm uses artificial
neural network model to derive the membership function for every fuzzy set created
using the data (historical / generated)_ from other models or historical data. Proposed
modeling approach is flexible and more specific. Different strategies have been adopted

in developing the hybrid model for’ different studies and are presented in respective

-
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' chapters. The monotonic fuzzy implication or mini-max fuzzy com

position rule of

_implication is used depending upon the number of rules that are fired.

" In the proposed methodology, the following steps are followed in sequence:

1.

9]

6.

7.

Identifying the variables influencing the phenomenon and fuzzification of the
inputs. This step involves a good assessment on the universe of discourse for
each variable, creating fuzzy sets, fuzzy overlapping for adjacent fuzzy sets, etc.
Creating the rule base based on expert knowledge base

For each fuzzy set, from historical or synthesized data, training neural networks
for finding membership function value. The problem of constructing a
membership function is that of capturing the meaning of the linguistic terms
employed in a particular application adequately and of assigning the meanings of
associated operations to the linguistic terms.

Application of fuzzy operator and the fuzzy rule implication

Detfuzzification

Simulation to verify the performance

Tuning if necessary

For every case study considered, the model development is very specific and

according to the requirements, the model has been planned.

3.4

3.4.1

STAGE DISCHARGE RELATIONSHIP USING FUZZY NEURAL
NETWORK MODEL

Introduction

For many hydrological analyses, streamflow monitoring on a regular basis is

very essential basic information. In major rivers, the discharge estimation is very

TH-1856_994702
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expensive and time consuming. The accuracy in the measurement of discharge is very
essential and requires lot of skill. Thus the stage-discharge relationship has important
bearing on correct assessment of discharge and the subsequent use of discharge data for
waler yield and hydrologic design. Hence in practical ficld, stage data is obscrved and
from a stage discharge relationship (known as rating curve) the discharge is estimated. A
rating curve is fitted using the simultaneous observations of the stage and discharge,
often using a regression analysis. The process of establishing a rating curve is a mapping
problem where stage is input variable and discharge is output variable. Such problem
can be better addressed through a non-linear mapping approach. Unfortunately, for many

applications the theory does not guide the model building process by suggesting the

relevant input variables or the correct functional form. This difficulty makes it attractive

{o consider an “a theoretical” but flexible class of statistical models (Anders and Korn,

1999). ANN is powerful tool to relate sets of predictor variables (stage) to forecast

variables (discharge) in non-linear ways.

Rating curves often exhibit hysteresis, with the stage-discharge relationship

being different for rising and receding stages. The main limitations of conventional

methods are problems associated with non-unique stage-discharge relations. It is caused

by (1) Backwater effects (2) Hysteresis effect (loop rating curve) (3) Morphological

changes: basically change in cross sectional area (4) Roughness changes: changes in

channel bed material, changes in channel bed forms, vegetation growth, and bottom

surface of ice cover.

Most of the gauging stations were selected so that the relationship between stage

and discharge is expressed in a one valued curve or function and the hysteresig effect is

not present. Very few locations satisfy this requirement. In other locationg where
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looping stage discharge plot occur, the current practice requires the fitting of two
separate relationships: one is for the rising phase and another for the falling phase. A

single relationship is inadequate, while using two separate relationships leads to

problems of scparation.

Considering the Saint-Venant equations, when kinematic effects dominate the
flow propagation, gravity and friction dominate over the other dynamic terms. It is only
under these conditions that stage and discharge are uniquely related. This is usually the
case of flood propagation in mountain rivers. Conversely, in flat rivers, besides gravity
and friction, pressure becomes an important factor (Henderson, 1966). In flat rivers near
a confluence with a river of similar size and flow, the convective acceleration terms

becomes important to the dynamics of the flood propagation, even for a slowly rising

flow, i.e. flow with negligible local acceleration. In this case, the rating curve cannot be

represented as a one to one relation between stage and discharge. Instead, a third

variable is to be used as an auxiliary variable for the rating. Two variablcs often used as

auxiliary variables are the rate of change of stage at the rating station and the waler stage

at a nearby station along the stream (Kennedy, 1984). Use of the latter auxiliary variable

is somewhat equivalent to including the water surface slope in the rating curve. Thus,

using an estimate of the water slope as an auxiliary variable is a plausible approximation

used in the hydrometry for correcting the rating to account for the hysteresis (Ansar and

Gonzalez-Castro, 2002). Irrespective of the type of modeling, a closer look into the

interrelation among the variables that govern the process may be the best tool for

deciding what data should be included in the model.

Successful application of ANN in deriving the stage discharge relationship is

reported in recent literature. Tawfik et al. (1997) used ANNs, with a saturating linear
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transfer function, to predict flow discharges at two locations over the Nile river using the
dH .
stage, H, and the rate of change of stage,d—, as network inputs. ANNs were shown to
4

predict discharge without exhibiting the separation problem associated with a method

that uses different regression relationships for the rising and receding portions bascd on

dif .
when o changes sign.
i

Jain and Chalisgaonkar (2000) ecstablished stagc-discharge relationship using
ANN with current stage as single input and current discharge as output. They also tried
with more inputs like previous two days stages and discharges for predicting current day
discharge as output. They found that better relationship could be possible with inclusion
of stages as well as discharges of earlier days for current day discharge. They also found
that the hysteresis effect could effectively be handled by the same mentioned network
architecture with no partition of rising and falling data. They used hypothetical data to
study the hysteresis effect. For stage discharge relationships, gauging site data of river
Narmada and its tributary in India, were used.

Jain (2001) used neural networks for development of integrated sediment rating
curves and found better than other conventional methods. He used current stage,
previous stage, previous discharges, previous sediment concentrations as input variables
for hysteresis effect considerations as these includes water surface slope as well as rate
of change of the water surface slope. Sudheer and Jain (2003) used Radial Based
Function (RBF) network for deriving stage-discharge relationship and found that it was
better than back-propagation multi-layer perceptron (BP-MLP) nctwork when there arc

situation of loop-rating curve. For high flow also, BP-MLP is inferior to RBF network.
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In the study, the inclusion of terms for current, previous, one more previous period river
stage data, and previous period discharge data for modeling indirectly incorporated the
water surface slope as well as the rate of change of the water surface slope (Sudheer and
Jain, 2003).

The unsteady flow effect leads to a loop curve, making thc same stage
representing two different discharge values in the rising and falling limbs of a flood
wave and the relationship between stage and discharge is complex and fuzzy due to this
hysteresis effect. Hence a fuzzy neural network modeling approach is attempted in this
study to establish a better stage discharge relationship. A fuzzy neural network (FNN) is
a neural network equipped with the capacity of handling fuzzy information, i.e., the
input signals and / or connection weights and / or the outputs are fuzzy subsets or a set
of  membership values of fuzzy scts. In this study, the ANNs arc traincd using
historical data to generate the fuzzy membership functions based on the input stage

values. The performance of the suggested model is compared with simple ANN model,

modularized ANN model and conventional model.

3.4.2 The system considered — A general description

The Brahmaputra river originates as Tsangpo, the source of which is at 31°30'N
and 82°E in Tibet, in a great glacier mass in the Kailash range of the Himalayas to the
east of the Mansarovar Lake (elevation 5300m) and flows through China, India, and
Bangladesh for a total distance of 2880 km. before emptying in to the Bay of Bengal |
through a joint channel with the Ganga. The basin lies between latitudes 24°13" and

31°30" North and longitudes 82°00 and 96”4’ East. In Tibet, where it is called Tsangpo,
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the Brahmaputra flows eastward for 1100 km along the bottom of a longitudinal graben
parallel to and about 160 km north of the Himalayas. At the extreme eastern end of its
course in Tibet, the Tsangpo suddenly enters a deep narrow gorge at Pe (3500 m), which
skirts around the Namcha Barwa peak (7755 m) and continued southward across the
Himalayan ranges. The gradient of the river in the gorge scction ranges from about
4.3m. to 16.8 m. per km. On entering India, the Tsangpo, now called Dihang, traverses
226 km. of mountainous course before debouching onto the Assam plain near Pasighat
(elevation 155 m.). At the exit of the gorge the slope of the river is only 0.27 m. per km.
Near Kobo, 52 km. south of Pasighat, two rivers (Dibang and Lohit) meet the Dihang,

and the combined flow, called the Brahmaputra, moves westward thorough Assam for

720 km. until near Dhubri, where it swerves to the south and enters Bangladesh. The

Brahmaputra has a gradient of 0.09-0.17 m./km. near Dibrugarh at the head of the valley

and is further reduced to about 0.1m./km. near Guwahati (Pandu).
The Brahmaputra is the fourth largest river in the world in terms of average

discharge at mouth, with a flow of 19,830 cumec. The hydrologic regime of the river

responds to the seasonal rhythm of the monsoons and to the freeze-thaw cycle of the

Himalayan snow. The rainy season (May to October) accounts for 82% of the mean

annual flow at Pandu.The discharge is highly fluctuating. Discharge per unit drainage

area in the Brahmaputra basin rivers is among the highest of major rivers of the world.

At Pandu, the Brahmaputra yields 0.0306 cumec per sq.km and the mean annual flood
discharge is 51,156 cumec.
The Brahmaputra is one of the most sediment-charged large rivers of the world.

Among the largest rivers of the world, it is second only to the Yellow river in China in

the amount of sediment transported per unit of drainage area.
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The Brahmaputra valley is approximately 80 km. width in Assam. The total
calchment area is 5,80,000 sq.km covering the full length from the source to the
confluence of Bay of Bengal. The average width of the river is 5.46 km.

The average rainfall in the catchment is 2500 mm. due to the monsoon. More
than 100 tributaries are available in the Brahmaputra river within Assam State. Out of
which, 39 tributaries can be considered as major where 22 are north bank and 17 are
south bank tributaries.

Flooding, bank erosion and drainage congestion are major problems of Assam
during monsoon period. The problem varies from year to year and area to area. Flood in
3 to 4 waves is an annual feature that wipes out major chunk of the fruit of the people’s
labour. Area liable to floods in Assam and India as a whole as estimated by the National
Flood Commission arc 31.60 lakh hectares and 335.16 lakh hectares respectively. Assam
thus account for 9.4% of the total flood prone area in India mainly becausec of
Brahmaputra river and its tributaries. The main factors causing extensive {loods are the
adverse physiography of the region, heavy rainfall, excessive sediment due to {requent
earthquakes and hill slides, reduction of forest coverage and encroachment of the
riverine area due to population explosion. Major floods that have occurred in recent

times are in 1954,1962,1966,1972,1977,1984,1988 and 1998 though floods of lesser

magnitude occur almost every ycar.

The study area is shown in Fig.3.8. Out of four gauge discharge sites within
Assam state, three gauging stations, namely Bessamara, Bhurbandha and Pandu
(hereafler referred to as Gauging station I, Gauging station 1l and Gauging station 111),
are considered and daily stage discharge values for these stations are used for this
research study. The daily flow data for these stations were collected from the Flood
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control department of Assam State (now Water Resources Department, Assam), India.

The upstrecam gauging stations I and Il are located at about 340 km and 150 km

upstream of gauging station IIl respectively. The availability of data for different

stations and the data considered for model training and testing are shown in Table 3.1.

For this rescarch study, four models, namely a conventional curve-fitting model,

a single neural network model, a modularized neural network model and a fuzzy neural

network model, are considered for deriving the stage discharge relationship.

Table 3.1 Data availability, values of a and b for the conventional model and neural
network architecture for different gauging stations considered

S Gauging Data availability Conventional NN architecture
No station model (Number of neurons)
Training Testing a b Input Hidden Qutput
layer layer layer
1 Gauging
station I
Experiment 1 1600 480 148.00 2.38 1 3 1
Experiment 2 1600 257 4 4 1
2 Gauging
station II
Experiment 1 1000 358 106.55 2.55 1 2 1
Experiment 2 800 346 4 8 1|
3 Gauging
station ITI
Experiment 1 2500 891 127.68 2.45 1 3 1
Experiment 2 2500 889 4 8 1
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3.4.3 Conventional Model

Usually a functional rclationship between stage and discharge is established with
the help of field measurement and the relationship is expressed as a rating curve. Stream
flow measurements are normally derived using the stage-discharge curve for

transforming the record of stage into a record of discharge (Maidment, 1992). Normally

a rating curve of the following form is used

Q=a(G-G,)" (3.12)

Where Q = Discharge in m*/s , G = River stage in m, G, = River stage in m at which the

discharge is nil and a, b = constants.

This type of relation is established by fitting a smooth curve between the stage
and discharge records either by an ordinary or logarithmic scale. The stage for zero
discharge is an unknown and its determination possesses some difficultics for major
rivers. Sometimes iterations are performed with various values of Gy, and the value that
gives the minimum sum of squares of errors for the model training data sequence is
adopted. Depending on the channel behavior, two or more curves are also fitted to the
data. A major limitation of this approach is that it is not able to consider the hysteresis
effect (Fig.3.9).

In this study, G, has been estimated from the observed data and the best values

of a and b for the given range of stage are obtained by the least-squares error method

(Table 3.1).
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3.4.4 Artificial Neural Network Model

As considerable amount of data about the studied process is available (as it is in
the considered case), instead of the use of simplified "traditional” techniques such as a
raling curve, using all the available data, a data driven ANN model is developed for
deriving stage discharge relationship in this study. The single ANN model developed for
this study is a feed forward neural network model. The training is carried out using the
error back propagation algorithm (Rumelhart and McClelland, 1987). As the stage and
discharge are time-dependent and very often they exhibit random fluctuations, their
relationship is not always unique, one of the solutions is using more obsecrvations from
several previous time steps and to build more complex ANN model. Two experiments
on ANN models are developed in this research study. A single input and single output
model (experiment 1) and four inputs and single output model (experiment 2) are used
(Fig.3.10a, Fig.3.10b) after a detailed check of different combinations.

Mean Squared Error (mse) and Mean Relative Error (mre) indices are used in the
analysis for proper tréining. Elshorbagy et al. (2000) introduced an index called the
pooled mean square error (PMSE) and discussed the merits of this index. This index is
also considered for comparing the performance of different models in this study. The
number of neurons in the hidden layer, the number of hidden layers and the
normalization factor for the data considered are decided after many trials by studying the
performance of the ANN training indices. The details of different neural network models
developed for the two experiments considered are listed in Table 3.1. The mse and mre
indices for the conventional model for the three gauging stations considered are
presented in Table 3.2 for training results. The Table 3.3 and Table 3.4 present the
training results of experiment 1 and experiment 2 for ANN models.
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Fig.3.10b.ANN model (Expt.2)
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Table 3.2 CONVENTIONAL MODEL (Training results) Expt.1

Sl. No

Gauging Training range Number mse mre
station (level in m) of x10°(m?*/s)?
From To patterns
1 I 80.03 87.80 1600 7.28 31.59
2 I1 58.13 66.94 1000 1009 30.34
3 ITI 40.79 49.95 2500 28.25 39.04
Table 3.3 ANN MODEL (Training results) Expt. 1
Slno Gauging Training range Number mse mre
station (Ievel in metre) of xmﬁ(m3/8)2
From To patterns
1 I 80.03 87.80 1600 6.06 26.74
2 I1 58.13 66.94 1000 8.97 23.22
3 ITI 40.79 49.95 2500 7.99 17.34
59
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Table 3.4 ANN MODEL (Training results) Expt. 2

Slno Gauging Training range Number mse mre
Sttins (Ievel in metre) gl
patterns | x10°(m’/s)?
From To
1 I 80.03 87.80 1600 1.38 5.83
2 I 58.13 66.92 800 3.71 9.03
3 11 40.79 49.95 2500 5.8 3:90

3.4.5 Modularized Neural Network Model

For improving the performance of the neural network model, Zhang and
Govindaraju (2000) suggested a modularized neural network approach for rainfall runoff
modeling. They showed the advantages of segregating the patterns considered for
training and organized the neural networks in a modular architecture to handle complex
sets of rainfall-runoff data. They examined the performance of the modular networks in
predicting runoff over three medium sized watersheds and showed that the modular
networks as good alternatives for predicting runoff. A modularized ncural network
modeling approach is attempted in the present study for developing the stage discharge
relationship (Fig.3.11).

In the modularized neural network (MNN) approach, the available patterns are

scgregated to small sub groups based on some criteria. Afler segregation, each sub group

is trained with a neural network model. After completion of the training, with the help of
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a rule base, which works on the criteria fixed for scgregation, the appropriate ncural
network will be fired to obtain the final result. In the present case study, the available
stage discharge data are segregated into four groups based on stage level, and each group
is treated as a crisp set. In this approach, instead of a neural network model for the whole
set of data, four neural network models, one for each group of data, are developed. The
data range is ‘ﬁxcd after examining the available patterns. Each sct is used scparatcly to
train a neural network model. For the three gauging stations, for each group, the range of

stage level (in m) and training results are given in the Table 3.5 and Table 3.6.

3.4.6 Fuzzy Neural Network Model

The unstcady flow effect leads to a loop curve, making thc same slage
representing two different discharge values in the rising and falling limbs of a flood
wave and the relationship between stage and discharge is complex and fuzzy duc to this
hysteresis effect. Hence a fuzzy neural network modeling approach is attempted in this
study to establish a better stage discharge relationship. In this study, the ANNs are
trained using historical data to generate the fuzzy membership functions based on the

input stage values.

In the fuzzification, the entire stage domain for a particular gauging station is
assessed and the stage value is categorized into four fuzzy sets namely VERY LOW,
LOW, MEDIUM and HIGH. Table 3.7 and Table 3.8 show the ranges of stage domain
used for each fuzzy set. Similarly, the discharge domain is also categorized into four

fuzzy sets namely VERY LOW, LOW, MEDIUM and LARGE. The overlapping of each
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fuzzy set

is kept as 50 % of the previous set (if any) and 50 % of the subsequent set (if

any).
Table 3.5 MNN MODEL (Training results) Expt.1
Sl.no Gauging Training range No. of mse mre
station (level in metre) patterns x10°(m?*/s)?
From To
Module 1 80.03 81.09 400 0.66 28.93
Module I 81.10 83.27 400 6:59 21.06
1 I | Modulelll 83.28 85.37 400 7.07 15.83
ModulelV 85.37 87.80 400 8.00 23.69
Average performance 5.51 22,37
Module I 58.13 60.06 250 9.55 8.0

Module II 60.07 61.76 250 3.35 31.52
2 I | Modulelll 61.76 64.26 250 13.67 27.50
ModulelV 64.26 66.94 250 17.83 15.67
Average performance 8.74 20.82
Module 1 40.79 41.91 625 3.06 32.60
Modulell 41.91 43.74 625 18.10 19.26
3 III | Modulelll 43.75 46.95 625 1.01 4.14
ModulelV 46.96 49.95 625 6.53 . 1
Average performance 733 15.43
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Table 3.6 MNN MODEL (Training results) Expt.2

SLno Gauging Training range No. of mse mre

| station (level in metre) patterns | xI 0%(m?/s)?

From To
1 80.03 80.98 400 0.02 4.56
I 80.98 83.01 400 0.14 5.54
83.01 85.20 400 0.53 5.98
| 85.21 87.80 400 4.72 6.55
i Average performance 1.35 5.66
: 2 58.13 60.08 200 0.29 9.11
60.08 61.64 200 0.96 ol
' I1 61.64 64.19 200 2.87 8.66
{I 64.19 66.92 200 7.77 922
Average performance 297 8.54
3 40.79 41.92 625 0.03 2.26
41.92 43.75 625 14.28 5.14
111 43.75 46.96 625 2.15 6.45
46.97 49.95 625 4.27 4.36
Average performance 5.18 4.55
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Table 3.7 FNN MODEL (Training results) Expt.1

Sl.no Gauging Training range No. of mse mre
station (level in metre) patterns x10°(m’/s)?
From To

1 Module I 80.03 82.11 600 1.42 35.01
Module 11 80.71 84.23 800 5.08 38.35

I | Module IlI 82.11 86.14 800 6.91 24.31

Module IV 84.23 87.80 600 9.78 16.78

Average performance 5.83 29.00

2 Module 1 58.13 60.92 375 1.09 20.08
Module 11 59.52 63.15 500 6.41 44.03

II | Module III 60.93 65.71 500 12.74 2539

Module IV 63.18 66.94 272 17.96 18.49

Average performance 9.55 _28.09
3 Module I 40.79 42.70 937 13.57 31.42
Module 11 41.42 45.39 1250 10.51 20.53

ITI | Module I 42.70 46.95 1250 2.10 6.51

Module IV 45.40 49.95 938 4.53 4.7
Average performance 7.48 15.46
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Table 3.8 FNN MODEL (Training results) Expt.2
Slno Gauging Training range No. of mse mre
station (level in metre) patterns xlO(’(m}/s)2
From To

1 80.03 81.90 600 0.06 5.49
80.65 84.00 800 0.13 5.66
: 81.90 806.00 800 0.40 5.02
84.00 87.80 600 3.51 6.77
Average performance 0.94 5.68
2 58.13 60.88 300 017 6.54
59.54 - 62.76 400 0.64 6.50
IT 60.88 65.21 400 3.37 9.32
62.76 060.92 300 Fr e, 10.74
Average performance 2.84 8.22
3 40.79 42.71 937 9.37 4.72
41.42 45.40 1250 7.54 5.55
111 42.71 47.87 1250 1.89 4.82
45.40 49.95 938 3.54 4.26
Average performance 5.46 4.88
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The historical data had been segregated based on stage value to different groups
bascd on the ranges decided for cach fuzzy set.
Mathematically, the membership function for every set is defined as:
(3.13)

M (x)=0;, m>x, x>1

4, (x) = output from trained neural network model if m < x </ (3.14)

Where m = the lower limit of a fuzzy set, / = the maximum limit for a fuzzy set

and ze4(x) = the membership function of a fuzzy sct.

For each fuzzified grouping, namely VERY LOW, LOW, MEDIUM and HIGH,
a separate neural network model is developed by training the segregated historical data
to establish the membership function of each group (Fig.3.12) i.e. the fuzzy surface of
each fuzzy set is developed using the trained neural network model.

The developed fuzzy surface for each fuzzy set is not a standard shape. This
arbitrary shape is decided using the neural network. These fuzzy shapes are wavy
matching behavior patterns that undulate over the domain. The membership function for
cach fuzzy 'set is established using ANN based on the observed stage discharge data
using a neural network. Fig.3.13 shows the membership functions for the MEDIUM and

HIGH fuzzy scts developed using the neural network.
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Similarly, the membership function of the discharge data is given in Fig.3.14 for
the LARGE fuzzy set. The neural network models, which has sigmoidal activation
function in the output layer gives results in the range 0 to 1, due to the nature of the
activation function. [ence, for training the neural network, the oulput data has to be
normalized using a factor called normalization factor so that the results nre compurnble
for error back propagation training. The membership function for the discharge data is
derived based on the normalization factor used in the respective ncural nctwork model,
This function is g straight line, increasing sct with a slope equal to the normalization
factor. The fuzzy associate memory developed for the fuzzy model has the following
rules.

Rule 1: If the Stage is VERY LOW then the discharge is VERY LOW

Rule 2: If the Stage is LOW then the discharge is LOW

Rule 3: 1f the stage is MIEDIUM then the discharge is MEDIUM

Rule 4: If the stage is IIIGH then the discharge is LARGE

The fuzzy reasoning used here is the simple monotonic method, a basic luzzy
implication technique. Mathematically, For a simple proportional implication {function,

If xisYthenzis W 3.15)
z= f((x,Y),W) (3.10)

Where x = the stage value, z = the discharge value, and Y and W are the fuzzy
scts corresponding to the stage and discharge values. Under restricted  set of
ciréumstanccs, a fuzzy reasoning system can develop an expected value without going
through the composition and decomposition. The value of the outpul is cslimaled

directly from a corresponding truth membership grade in the antccedent (uzzy region
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(Cox, 1994). This type of reasoning is followed when only one rule is fired and suitable
for the stage level considered. On the other hand, if two rules are fired for a particular
stage value, the Min-Max rule of implication is executed. The consequent fuzzy sets
resulting from two rules will be producing an output fuzzy region by aggregation, which
will be defuzzified to give the expected discharge value based on near edge of the

support set defuzzification procedure (Fig.3.13).

3.4.7 Results and Discussion

The performances of different models considered are assessed using mse and mre
indices for training and testing series. Conventional model is being used in experiment 1
only. In experiment 2, conventional model is not used because of four inputs as it is
related to single input only. Training and testing data lengths are less in'experiment 2
than experiment 1 due to the non-availability of continuous data. Patterns are selected in
experiment 2 in such a way that the continuity exists among inputs and outputs.
The single ANN model, the Modularized ANN model (MNN) and the Fuzzy-Neural
network model training results are given in Table 3.2 to Table 3.8 for both the
experiments. Both the testing and the mqdel training results of the conventional model
are poorer than the other models (Table 3.2 and Table 3.9).

Neural network modeling is better suited than the conventional curve fitting
method for functional approximation problems such as establishing stage discharge

relationship (Jain and Chalisgaonkar, 2000).
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Table 3.9 CONVENTIONAL MODEL (Testing results) Expt.1

Sl.no Gauging No. of mse mre
station patterns | x10°(m’/s)’

1 I 480 4.08 28.77

2 Il 358 38.45 64.62

3 111 891 11.34 24 .86

The MNN model shows good improvement in the total mse and mre indices in
the training data set relative to the single ANN model and conventional model (about
2 % to 20 % in the case of mse in both the experiments) as shown in Table 3.3 to Table
3.6. The performance of single ANN and MNN models in training are studied in detail
by considering different modules for gauging station II data using experiment 1 and
experiment 2. After the training, ANN trained results are divided into four modules as
per same range training range adopted in case of MNN for comparison.

When the mse index is considered in each module, the MNN model is better than

the ANN model in all the modules (Table 3.10). Hence, the overall mse index also

shows that the MNN model is better than single ANN model.
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Table 3.10 Module-wise Training Results for Gauging Station II

[ Model mse

x10%(m’/s)?

Experiment 1 Experiment 2
Single NN MNN model Single NN MNN model
model model
Module I .32 0.09 0.32 0.29
Module II 3.45 3.35 2.15 0.96
Module ITI 13.89 13.67 4.44 2.87
Module IV 18.24 17,83 7.94 LT

But, the MNN model performs poor in the testing. The mse and mre indices are
high for MNN model for both the experiments and for all the gauging stations (Table
3.11, Table3.12, Table 3.13, Table 3.14, Table 3.15 and Table 3.16). For testing data, the
mse results for different modules for both the experiments are given in Table 3.17. The
single ANN model performs better in three modules and one module respectively in
experiment 1 and experiment 2. But overall performance of MNN model is inferior. The
MNN model suffers in the split zones. For example, consider the module I and module 11
split region, and module III and module IV split region (59.85 m to 60.10 m and 64.00 m.
to 64.50 m respectively). The MNN model shows poor performance than other models
in these regions (Fig.3.15 and Fig.3.16). Due to this fact, the overall performance of the
MNN model suffers. Hence it can be concluded that in the case of MNN, when the data

are classified into four groups crisply, the knowledge captured from the four groups is
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not generalized properly. The discontinuity results due to the absence of knowledge
about its neighboring regions. When all the four modules are used together, in testing,
the performance of the MNN model suffers more in the split zones. The nature of the
data is also very crucial for this performance. The modularized approach is very suitable

for studies involving clustering the available information.

Table 3.11 GAUGING STATION I ( Testing results) Expt.1

Sl.no Model Testing range No. of mse mre
description (level in metre ) patterns xlO"(ma/s)2
From To
1 MNN 80.03 87.80 480 2.03 18.00
2 FNN 80.03 87.80 480 2.64 I 15.15
3 ANN 80.03 87.80 480 2.20 % 12.07
-4 Conventional 80.03 87.80 480 4 .08 28.77
77
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Table 3.12 GAUGING STATION II (Testing results) Expt.1

Sl.no Model Testing range No. of mse mre
description (level in metre) patterns x10%m?/s)?
From To
1 ! MNN 58.13 66.94 358 32.19 58.66
|
2 | FNN 58.13 66.94 358 27.88 49.84
3 ANN 58.13 66.94 358 289.29 58.62
4 Conventional 58.13 66.94 358 38.45 64.62
Table 3.13 GAUGING STATION III (Testing results) Expt.1
Sl.no Model Testing range No. of mse mre
description ( level in metre) patterns x10°(m’/s)” ’
From To ;
|
2 FNN 40.79 49.95 891 4.93 1533 |
3 ANN 40.79 49.95 891 5.93 20.36 }
]
4 Conventional ' 40.79 49.95 891 11.34 24.86 {
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Table 3.14 GAUGING STATION I (Testing results) Expt.2

Sl.no Model Testing range No. of mse mre
description (level in metre) patterns X l0”(m3/s)2
From To
1 MNN 80.03 87.80 257 3.84 S.65
2 FNN 80.03 87.80 254 227 5.83
3 ANN 80.03 87.80 257 2.86 5.87

Table 3.15 GAUGING STATION II (Testing results) Expt.2

Skno Model Testing range No. of mse mre
description (level in metre) patterns | x10°(m’/s)’
From To
1 MNN 58.13 66.92 346 | 450 | 14.69
2 FNN 58.13 66.92 346 | 087 6.79
3 ANN 58.13 66.92 346 1.32 9.81
|
i
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TH-1856_994702

f



Table 3.16

GAUGING STATION III (Testing results) Expt.2

Sl.no

Model

Testing range No. of mse mre
description (level in metre) patterns x10°(m°/s)”
From To
1 MNN 40.79 49.95 889 2.24 5.37
2 FNN 40.79 49.95 889 1.75 3.83
3 ANN 40.79 49.95 889 1.84 4.75
Table 3.17 Module-wise Testing Results for Gauging Station II
Model mse
)(1()6(m3/s)2
Experiment 1 Experiment 2
Single NN MNN FNN Single NN MNN FNN
model model model model model | model
Module I 0.09 0.10 0.22 0.32 0.10 0.01
Module 11 0.98 0.88 0.73 2.15 0.10 0.09
Module II1 50.66 56.15 37.07 4.43 1.10 0.82
Module IV 77.35 84.93 85.75 7.94 12.88 1.86
30
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But, in the case of FNN model, segregation of patterns is done by giving
overlapping in the neighboring regions. Since the training is done by giving overlapping
for each region, the discontinuity is avoided in the data. Hence for FNN model, the
knowledge gathering during training is not affected as in the case of MNN model. Hence
the FNN model performs better due to the training given with the overlapping data,
which avoids discontinuity and also improves the performance of the FNN model.

Based on testing results, when we compare the performance of single ANN and
FNN, the FNN performs better than ANN in all the cases except one case (about 6 % to
20 % better mse value than the single ANN) as shown in Table 3.1 l,Tabfe 3.12,Table
3.13,Table 3.14,Table 3.15,and Table 3.16. Further, FNN model performs better in all
modules for experiment 2 and in two modules in experiment 1 (Table 3.17).

Further, when the testing results of different models are compared for the
experiment 2 (gauging station II), the hysteresis effect might be better represented by
FNN model (Fig.3.17). The MNN model shows poor performance in the split zone (64.0
m to 65.0 m stage value) and not properly represents the hysteresis effect in this study.
But the FNN model gives best performance in this zone also (Fig.3.17).

To assess the performance of the developed model without the previous day
discharge, an attempt is also made with three inputs considering only stage values
(current stage, one day earlier stage, two days earlier stage) and the current discharge as
single output (experiment No.3). This study is done by considering the gauging station
II. Here also, like other experiments, MNN model performance is better than ANN and
FNN model during the training in terms of mse and mre (Table 3.18). But, FNN model

performance is better than other models during testing (Table 3.19).
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Table 3.18 GAUGING STATION II (Training results) Expt.3

TH-1856_994702

SIl. | Model description Training range | No. of mse mre
no (level in metre) | patterns x10%(m’/s)*
From | To
1 Module I 58.13 | 60.08 200 0.30 9.22
Module II 60.08 | 61.64 200 2.85 29.14
MNN "Module T | 61.64 | 64.19 | 200 9.86 23.54
Module IV 64.19 | 66.92 200 14.60 13.57
Average performance 6.90 18.86
2 Module I 58.13 | 60.88 300 0.96 18.88
Module II 59.54 | 62.76 400 2.95 24.70
HINN Module III 60.88 | 65.21 400 10.32 2291
Module IV 62.76 | 66.92 300 14.96 16.98
Average performance 7.20 21.29
3 ANN 58.13 | 66.92 800 7.10 21.32
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; Table 3.19 GAUGING STATION II (Testing results) Expt.3

Sl.no Model Testing range No. of mse mre
description | (level in metre) patterns x10%m?/s)?
From To
1 MNN 58,13 66.92 346 45.53 67.80
2 FNN 58.13 66.92 346 41.11 64.83
3 ANN 58.13 66.92 346 44.79 69.07

| 3.4.8 Discussions on the index PMSE

It is observed that in many research studies, using the mre to rank different
models according to their performance is different to the ranking using mse. To
. overcome the difficulties in using mse and mre, a new statistical measure called the
Pooled mean square error (PMSE) had been used which combines the effects of mse and
mre (Elshorbagy et al. 2000). PMSE can also be used to increase the effect of the

significant residuals that are above a predetermined threshold and to reduce the

differential effect of the insignificant residuals that are below the predetermined

threshold. For the calculation of the PMSE, a threshold value of 5% of the actual value

is considered in this analysis.

The relative error of the outputs from the two models are pooled together to form
one set, i.e. for example, the ANN and FNN model testing results are considered

together in this estimation. The predicted values are given a rank of 1 if its relative error

e e e e A
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a is < 5%. The predicted values with relative errors more than the threshold 5% are ranked

in a such a way that the highest residual is given the rank N, the next highest is rank N-1,

and so on. Here N is the total number of data in one set (the ANN and FNN model

testing results together). The PMSE is estimated as

NI/2 5

>4 -y, 4,

PMSE = 22 i (3.17)
kj

Jj=1

Where N = set size and k; = Rank of the residual error.

For this analysis, the gauging station II data are considered for experiment 2. The

FNN model is performing better (Table 3.20). The complexity of the ranking process for

different model performances using two indices, namely the mse and mre, is eased by

the PMSE index.

Table 3.20 GAUGING STATION II (PMSE index) Expt.2

Sl Model PMSE values
No x10%(m?/s)?
1 ANN 1.04

2 FNN 0.61

It is worth noting that for the gauging station II, the FNN model gives 34.45 %
and 30.79 % improvement over the ANN model when we consider the mse and mre

indices, respectively. For the same case, the FNN model shows 40 % of improvement
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over the ANN model when we consider PMSE index. It shows the better ability of the
FNN model than other models in estimating the discharge closer to the observed value

within the threshold of 5 % limit.

The research study shows the a:bility of the Fuzzy-Neural Network model in
developing the stage discharge relationship. The FNN model has better predictive ability
than the single ANN, modularized ANN and conventional models. The MNN model
gives inferior results relative to the single ANN model and suffers due to data

discontinuity even though the training of the MNN shows better values for the

~ performance indicators. The FNN model is more flexible than the other models

" considered with more options of incorporating the fuzzy nature of the real world system.

N R o ol Gl el S i i i i S

TR Yy

TH-1856_994702 86



CHAPTER 4
FUZZY-NEURAL NETWORK MODEL FOR RIVERFLOW

PREDICTION

4.1 INTRODUCTION

In this chapter the appiicability of fuzzy neural network modeling in river flow
prediction is presented. To predict the river flow at downstream site using upstream flow
data in the Brahmaputra river two models are developed. Four gauging stations flow
data are used in the study for six different experiments, which has been done using
different fuzzy inputs. Mainly the discharge at upstream sites, previous day discharge,
discharge with two previous day lags are used for fuzzification in this study for
developing FNN model. The rule base is generated for different experiments based on
the availability of these combinations in the historical database. The performance of the
fuzzy neural network model is analysed and compared with the artificial neural network
model.

River flow predictions are useful in many ways. They provide a warning of the
extreme flood or drought conditions and helped in optimizing the operation of water
resource systems like reservoirs and hydropower plants. In many studies, streamflow
prediction is an intermediate objective. Streamflows are often treated as estimation of
runoff from the watershed.

Flows in streams and rivers are complex processes that are influenced by many
factors such as the watershed topography, vegetation cover, soil types, channel

characteristics, groundwater aquifers, precipitation distribution, snowmelt, rural and

urban activities, and so on.
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Many approaches have evolved over the last few decades to predict the
streamllow in real time or in an on-line sense. They are deterministic as well as
stochastic in nature. and include conceptual and statistical methods. These methods
require considerable exogenous  information that is time consuming and costly
aflairs. Also. they are subjected o certain assumptions. Ofien, these data are not
available, which pose a great difliculty in model calibration. The occurrence of river
flow, being uncertain, may not always be amenable to any specific modeling
(Thirumalaiah and Deo, 1998).

The relatively recent hybrid technique combining fuzzy logic and artificial
neural networks may therelore seem to be appropriate under these conditions because
it produces model free computations as the output as a whole does not depend
functionally on the input.

Kang et al. (1993) used artificiat neural network (ANN) and auto regressive
moving average models to predict daily and hourly streamflows in the Pyung Chang
River basin in Korea. Dillerent three layered ANN architectures were investigated
and it was found that ANNs are useful (ools for predicting streamflows. Karunanithi
et al. (1994) compared the performance of ANN (o an empirical two-station power
law relationship that is based on log-transformation of the actual streamflow values.
They estimated streamflow at an ungauged site on the IHuron River in Michigan,
based on data from United State Geological Survey stream gauging stations located
30 km. upstream and 20 km. downstream of the sampling site. They used cascade-
correlation algorithm so that the network architecture could be determined during
training. Neural networks were found to better predict high events, while both the

methods predicted low streamflows [airly well.

..
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Chang and Chen (2001) used stream flow and precipitation data of upstream of
Da-Cha river in central Taiwan to evaluate the counterpropagation fuzzy- neural
network (CFNN) rainfall-runoff model. They found that CFNN is reliable and better
than auto regressive moving average with exogenous variable (ARMAX) model.

In this study, a new approach combining fuzzy logic and artificial neural network
known as Fuzzy Neural Network (FNN) has been used for river flow prediction in the

Brahmaputra River in the Assam state of India.

4.2 STUDY AREA

Four gauging stations namely Bessamara, Bhurbandha, Pandu and Pancharatna
of the river Brahmaputra (hereafter referred to as Gauging station I, Gauging station II,
Gauging station III and Gauging station [V), are considered and daily discharge values
for these stations are used for this research study (Fig.3.8). The daily flow data for these
stations were collected from the Flood control (now Water resource) department of
Assam State, India. Six different experiments are attempted with different inputs for the
study. Total 6939 patterns of flow data are available for the considered gauging stations.
Out of that 5000 patterns are considered for training set and remaining 1939 patterns are
used in the testing for the experiments 1,2,3, and 6. For experiment 4 and S, testing
patterns are 1937 and 1935 respectively. The upstream gauging stations I and II are
located at about 340 km and 150 km upstream of gauging station III respectively. The

Gauging station IV is located at about 150 km downstream of Gauging station III.
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4.3 SINGLE ARTIFICIAL NEURAL NETWORK MODEL

The single ANN model developed for this study is a feed forward neural network
model. The training is carried out using the error back propagation algorithm. The six
experiments on ANN models are developed in this research study (Fig.4.1). A single
input and single output model (Here after referred as experiment 1 and 2), two inputs
and single output model (here after referred as experiment 3, 4, 5), three inputs and
single output model (here after referred as experiment 6) are used after a detailed check
of different combinations (Table 4.1). Monitoring the indices, Mean Square Error (mse)
and Mean Relative Error (mre) the training of the neural network is done. This training
involves training and cross validation. The number of neurons in the hidden layer, the
number of hidden layers and the normalization factor for the data considered are decided
after many trials by studying the performance of the ANN training indices. Two neurons
are used in single hidden layer after examining many combinations. Normalization

factors are kept as 10000 and 100000 for all the experiments.

4.4 FUZZY NEURAL NETWORK MODEL

A fuzzy neural network modeling approach is attempted in this study to predict
discharge of a river. For each of the experiment performed, the discharges at different
locations are used for fuzzification. The flow in the upstream reach is associated with
various lateral inflow and outflow, which are difficult to estimate as it varies
significantly with respect to time and space. This is uncertain and highly fuzzy in nature.
In the experiment 1, current discharge of the gauging station I which is located at far
from downstream is used as input for the single -output of current discharge at the

downstream gauging station III. The current discharge of the gauging station II is used
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INPUT LAYER HIDDEN LAYER OUTPUT LAYER

Q“ Qe

Experiment 1

Qi Quire

Experiment 2

Qy
Qi

Qe

Experiment 3

Fig.4.1. Experiments considered in the study
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INPUT LAYER HIDDEN LAYER OUTPUT LAYER

Quz ()
Qlllt

Qllt—l —‘O———'

Experiment 4

()

Qii-a

Qlez —O—-—'

Experiment 5

Q[Ilt

Q i
QIIt Qth

Qlllt

Expecriment 6

Fig.4.1. Experiments considered in the study
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as input in the experiment 2 to examine the model behavior because of nearest station
discharge value. Also, the travel time consideration and the effect of lag periods with
more gauging station discharges are analysed in the experiment 3, experiment 4 and
experiment 5 where current day, previous day and two earlier day’s discharge data are
used as inputs. The sensitivity of the model is also analysed by using more inputs like

three gauging station discharges for the single output at downstream station IV.
4.4.1 FNN model for experiments 1 and 2
Table 4.1 shows different types of experiments tried in this research study.

Table 4.1 Model Description for different Experiments

Experiment Input Output
No
1 Qi Qu
2 Qi Qut
3 Qie, Qe Quuny
4 Qie-2, Quet Qui,
5 Qres, Quez Qui:
6 Qit, Que, Quie Qiv.

Here ,
Qi+ = Discharge at gauging station I of a particular day t
Qu: = Discharge at gauging station II of a particular day t

Quie = Discharge at gauging station III of a particular day t

Qir2 = Two day’s earlier discharge at gauging station I

Quw1 = Previous day’s discharge at gauging station II

Qi4a = Four day’s earlier discharge at gauging station |
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Qut2 = Two day’s earlier discharge at gauging station II

Qivi = Current day discharge at gauging station [V

In the fuzzification, for experiments 1 and 2, considering seasonal variation of flow, the
entire discharge domain for a particular gauging station is categorized into four fuzzy
sets namely VERY LOW, LOW, MEDIUM and HIGH. Table 4.2 shows the ranges of

discharge domain used for each fuzzy set for experiments 1, 2, 3, 4, and 5.

Table 4.2 Zones for different fuzzy sets for Experiments 1, 2,3,4 and 5

Gauging Very Low Low Medium High
station (cumec) (cumec) (cumec) (cumec)
I < 5000 3000-10000 8000-28000 | >25000
II < 6000 4000-12000 10000-30000 | >28000
IIT < 10000 6000-20000 15000-40000 | >35000

In this case also, the membership function for every set is defined as:

H(x)=0; m>x, x> (4.1)
M ,(x) = output from trained neural network modelif m < x </ (4.2)
Where

m = the lower limit of a fuzzy set,

/ = the maximum limit for a fuzzy set and

H4(x) = the membership function of a fuzzy set.

For each fuzzified grouping, namely VERY LOW, LOW, MEDIUM and HIGH, a

separate neural network model is developed to establish the membership function of
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each group (Fig.4.2) i.e. the fuzzy surface of each fuzzy set is developed using the
trained neural network model. The membership function for the discharge data is
derived based on the normalization factor used in the respective neural network model.
The fuzzy associate memory developed for the fuzzy model has the various rules, which

are shown in Table 4.3a and Table 4.3b.

Table 4.3a Rule Base for Experiment 1

Rule Rules
number

IF flow is VERY LOW at upstream station I then flow is VERY
1 LOW at downstream station III

IF flow is VERY LOW at upstream station I then flow is LOW
2 at downstream station I1I

IF flow is LOW at upstream station 1 then flow is LOW at
3 downstream station III

IF flow is LOW at upstream station I then flow is MEDIUM at
4 downstream station I1I

IF flow is MEDIUM at upstream station I then flow is

S MEDIUM at downstream station III

IF flow is MEDIUM at upstream station I then flow is HIGH at
6 downstream station III
7 IF flow is HIGH at upstream station I then flow is HIGH at

downstream station III
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Table 4.3b Rule Base for Experiment 2

Rule Rules
number

IF flow is VERY LOW at upstream station II then flow is
1 VERY LOW at downstream station III

IF flow is VERY LOW at upstream station II then flow is LOW
2 at downstream station III

IF flow is LOW at upstream station II then flow is LOW at
3 downstream station III

IF flow is LOW at upstream station II then flow is MEDIUM at
4 downstream station III

IF flow is MEDIUM at upstream station II then flow is
5 MEDIUM at downstream station III

IF flow is MEDIUM at upstream station II then flow is HIGH at
6 downstream station III

IF flow is HIGH at upstream station II then flow is HIGH at
downstream station 11

The fuzzy reasoning used here also is the simple monotonic method, a basic fuzzy

implication technique.

Ifxis Ythenzis W (4.3)
z=f((x,Y),W) (4.4)
Where

x = the discharge at upstream station,
z = the discharge value at downstream station, and

Y and W = the fuzzy sets corresponding to the discharge values.
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This type of reasoning is followed when only one rule is fired and suitable for the
discharge considered. On the other hand, if two rules are fired for a particular discharge

value, the Min-Max rule of implication is executed.

4.4.2 FNN model for Experiments 3,4 and 5

In similar manner, for the experiments 3, 4 and 5, FNN models are developed
with ANN for defining the membership function with two inputs and one output (Table
4.1). Experiments 4 and 5 are done with different lag periods for better analysis. Fig.4.2
shows the model development of these experiments. Fuzzy mlé base used for these

experiments are given in Table 4.4.

Table 4.4 Rule base for Experiment 3,4,5

Rule Rules
number
1 IF flow i1s VERY LOW at [ and VERY LOW at Il then
flow is VERY LOW at II1
2 IF flow is VERY LOW at I and VERY LOW at II then
flow is LOW at Il1
3 IF flow is VERY LOW at I and LOW at Il then flow is
VERY LOW at Il
4 IF flow is VERY LOW at I and LOW at II then flow is
LOW at Ill
5 IF flow is LOW at I and VERY LOW at II then flow is
VERY LOW at Il
6 IF flow is LOW at | and VERY LOW at Il then flow is
LOW at III
7 IF flow is LOW at I and LOW at II then flow is LOW at
I11
8 IF flow is LOW at I and LOW at II then flow is
MEDIUM at 111

(Table 4.4 to be continued into next page)
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(Table 4.4 continued)

9 IF flow is LOW at I and MEDIUM at II then flow is
LOW at III )

10 IF flow is LOW at | and MEDIUM at II then flow is
MEDIUM at III

1 IF flow is MEDIUM at I and LOW at II then flow is
LOW at III

12 IF flow i1s MEDIUM at | and LOW at II then flow is
MEDIUM at 111

13 FF flow is MEDIUM at | and MEDIUM at II then flow
is MEDIUM at III

14 IF flow is MEDIUM at I and MEDIUM at II then flow
1s HIGH at III

15 IF flow is MEDIUM at I and HIGH at II then flow is
MEDIUM at III

16 IF flow is MEDIUM at [ and HIGH at II then flow is
HIGH at III

17 IF flow 1s HIGH at I and MEDIUM at II then flow 1s
MEDIUM at III

18 IF flow is HIGH at I and MEDIUM at II then flow is
HIGH at I1I

19 IF flow is HIGH at I and HIGH at II then flow is
MEDIUM at III

20 IF flow is HIGH at I and HIGH at II then flow is HIGH
at III

Mathematically,
IfxisYAndzis W Thenpis Q (4.5)

Where x = discharge at gauging station I, z = discharge at gauging station II, p =

discharge at gauging station III, and Y, W, Q are fuzzy sets corresponding to discharge

values.

4.4.3 FNN model for Experiment 6
For the experiment 6, considering more seasonal variation of flow and more

number of gauging sites, the entire discharge domain has been segregated into five

categories namely VERY LOW, LOW, MEDIUM, HIGH and VERY HIGH (Fig.4.3).
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Table 4.5 shows the ranges of discharge domain used for each fuzzy set for experiment
6. For this experiment, the ANN model defining the membership function has three

inputs and one output.

Table 4.5 Zones for different fuzzy sets for Experiment 6

Gauging | Very Low Medium High Very
station Low High
(cumec) (cumec) (cumec) (cumec) (cumec)
1 <5000 3000-10000 8000-28000 25000-40000 | >35000
I <6000 4000-12000 10000-30000 | 28000-40000 | >35000
ML 1 10000 | 6000-20000 | 15000-40000 | 35000-60000 | >50000
v <10000 6000-20000 15000-40000 | 35000-60000 | >50000
Table 4.6 shows the fuzzy rules used for experiment 6.Mathematically,
Ifuis VAndxis Y And z is W Then p is O (4.6)

Where u = discharge at gauging station I, x = discharge at gauging station II, z =
discharge at gauging station III, p = discharge at gauging station IV, and V5 Y, W, Q are

fuzzy sets corresponding to discharge values.

Table 4.6 Rule base for Experiment 6

Rule

Rules
number

IF flow is VERYLOW at | and VERYLOW at Il and
VERYLOW at III then flow is VERYLOW at IV
IF flow is VERYLOW at | and VERYLOW at II and
VERYLOW at III then flow is LOW at IV
IF flow is VERYLOW at I and VERYLOW at II and
LOW at III then flow is VERYLOW at IV

(Table 4.6 to be continued to the next page)

101
TH-1856_994702



(Table 4.6 continued)
IF flow is VERYLOW at [ and VERYLOW at Il and
LOW at III then flow is LOW at IV
5 IF flow i1s VERYLOW at I and LOW at II and VERY
LOW at III then flow is VERYLOW at IV
IF flow is VERYLOW at I and LOW at Il and VERY

6 LOW at III then flow is LOW at IV

7 IF flow is VERYLOW at I and LOW at Il and LOW at
III then flow is VERYLOW at IV

3 IF flow is VERYLOW at I and LOW at Il and LOW at

III then flow is LOW at IV

9 IF flow 1s LOW at [ and VERYLOW at Il and VERY
LOW at III then flow i1s VERYLOW at IV

IF flow is LOW at [ and VERYLOW at Il and VERY

LOW at III then flow is LOW at [V

. IF flow is LOW at I and VERYLOW at Il and LOW at
IIT then flow 1s VERYLOW at IV

IF flow 1s LOW at I and VERYLOW at Il and LOW at

10

12 III then flow is LOW at [V

13 IF flow is LOW at I and LOW at Il and VERYLOW at
III then flow is VERYLOW at IV

14 IF flow is LOW at I and LOW at II and VERYLOW at
III then flow 1s LOW at IV

15 IF flow is LOW at I and LOW at Il and LOW at III
then flow is VERYLOW at IV

16 IF flow is LOW at I and LOW at Il and LOW at III
then flow 1s LOW at IV

17 IF flow is LOW at I and LOW at Il and MEDIUM at III

then flow is LOW at IV

18 IF flow is LOW at ] and LOW at Il and MEDIUM at III
then flow is MEDIUM at IV

IF flow is LOW at I and MEDIUM at Il and MEDIUM

19 at I1I then flow 1s LOW at IV

20 IF flow is LOW at I and MEDIUM at II and MEDIUM
at III then flow 1s MEDIUM at IV

21 IF flow is MEDIUM at I and VERY LOW at II and
LOW at III then flow is VERYLOW at IV

29 IF flow is MEDIUM at I and VERY LOW at II and
LOW at III then flow is LOW at IV

23 IF flow is MEDIUM at I and LOW at Il and LOW at IlI
then flow is LOW at IV

24 IF flow is MEDIUM at I and LOW at Il and LOW at III

then flow is MEDIUM at IV :
(Table 4.6 to be continued to next page)
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(Table 4.6 continued)

75 IF flow 1s MEDIUM at I and LOW at II and MEDIUM
at I1I then flow is LOW at IV

26 I1F flow is MEDIUM at I and LOW at II and MEDIUM
at [1I then flow is MEDIUM at IV

77 IF flow is MEDIUM at I and MEDIUM at II and LOW
at I11 then flow is LOW at IV

28 IF flow is MED_IUM at I and MEDIUM at II and LOW
at 11 then flow 1s MEDIUM at [V

29 II' flow is MEDIUM at I and MEDIUM at II and
MEDIUM at Il then flow is LOW at IV

30 II° flow 1s MEDIUM at I .und MEDIUM at Il and
MEDIUM at Il THEN flow is MEDIUM at IV

3 IF flow is MEDIUM at I and HIGH at Il and MEDIUM
at III then flow is MEDIUM at IV

39 IF flow is MEDIUM at I and HIGH at Il and MEDIUM
at I1I then flow is HIGH at IV

33 IF flow 1s MEDIUM at I and HIGH at II and HIGH at
[IT then flow is MEDIUM at IV

34 IF flow is MEDIUM at I and HIGH at Il and HIGH at
III then flow is HIGH at IV

35 IF flow is HIGH at I and MEDIUM at Il and MEDIUM
at I1I then flow is MEDIUM at IV

36 IF flow is HIGH at I and MEDIUM at Il and MEDIUM
at III then flow is HIGH at IV

37 IF flow 1s HIGH at I and HIGH at Il and MEDIUM at
II1 then flow is MEDIUM at IV

33 IF flow is HIGH at I and HIGH at II and MEDIUM at
[II then flow is HIGH at IV

39 IF flow is HIGH at [ and HIGH at II and HIGH at III
then flow is HIGH at IV

40 I1F flow is HIGH at I and HIGH at Il and HIGH at III
then flow is VERY HIGH at IV

41 IF flow 1s VERY HIGH at [ and HIGH at 11 and HIGH
at 111 then flow is HIGH atIV

42 IFF flow is VERY HIGH at I and HIGH at II and HIGH
at 111 then flow is VERY HIGH at IV

4.5 RESULTS AND DISCUSSION
The FNN and ANN models are compared based on mre and mse indices by

considering training and testing patterns. For experiments 1 and 2, four fuzzy rules are

- 103
TH-1856_994702



used. During the critical periods (flood season), almost one-fourth of the rules make
significant contributions to the model output. The rule base is generated for different
experiments based on the availability of these combinations in the historical database. In
this way, for the experiment 3, 4 and 3, significant rule combinations are 20 where as,
the possible rule combinations are 64. Similarly, in the experiment 6, considered rule
combinations are 42 only instead of possible rule combinations 256,

Sometimes rule combinations, which are not available in the training data sets,
are encountered as an extra-ordinary case in the testing data set. In that case, the nearest
rule combinations are considered. Again flow rate in the immediate upstream site of the
considered site is more important than other upstream sites.

The model performances are assessed based on the validation results. The model
building results arc also used for assessing the better performance. The single ANN
model, the Fuzzy-Neural network model training results are given in Table 4.7 and
Table 4.8 for the experiment 1 and experiment 2 respectively. In both the experiments,
only single input is used for different upstream gauging station discharge value for the
same downstream output discharge. FNN is performing better than ANN in both the

experiments.
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Table 4.7 Training results for Experiment 1

Station-I Station-II Training Number
of
Q. Q mre mse patterns
x10° trained
Very Low Very Low 29.50 3.74 1620
Very Low Low 24.58 7.43 1342
Low Low 19.20 7.93 1323
Low Medium 16.53 15.59 500
Medium Medium 14.98 27.08 1958
Medium High 5.10 9.09 299
High High 8.19 21.10 133
Average performance (FNN) 26.75 15.50
Single ANN 26.17 33.08 5000
Table 4.8 Training results for Experiment 2
Station II StationIII Training Number of
Q Q mre mse pat.terns
<106 trained
Very Low Very Low 28.39 3.63 1499
Very Low Low 23.67 6.37 1342
Low Low 18.71 7.45 1377
Low Medium 15.54 16.10 737
Medium Medium 14.98 2973 1707
Medium High 6.78 14.39 261
High High 9.31 26.20 175
Average performance (FNN) 19.80 13.38
Single ANN 27.51 29.19 5000

For the experiment 3,experiment 4 and experiment 5, model training results
shows the lesser mse and mre value for FNN model than ANN model (Table 4.9, 4.10

and 4.11).
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Table 4.9 Training results for Experiment 3

TH-1856_994702

Station I Station II Station III Training Number
Q. Q. Q. of
mre mse patterns
x10° trained
Very low Very low Very low 28.68 3.59 1465
Very low Very low Low 20.54 4.64 1093
Very low Low Very low 24.22 3.09 399
Very low Low Low 19.92 7.61 592
Low Very low Very low 22.43 3.06 340
Low Very low Low 18.59 593 653
Low Low Low 16.79 6.61 1096
Low Low Medium 13.77 10.11 409
Low Medium Low 13.04 5.88 161
Low Medium Medium 16.21 15.83 235
Medium Low Low 10.56 3.74 364
Medium Low Medium 14.94 16.89 440
Medium Medium Medium 14.89 31.34 | 1538
Medium Medium High 5.51 9.21 213
Medium High Medium 16.09 41.24 | 340
Medium High High 5.79 11.81 118
High Medium Medium 9.65 14.41 93
High Medium High 8.64 20.63 66
High High Medium 10.92 19.08 89
High High High 7.81 21,59 90
Average performance(FNN) 18.31 11.35
Single ANN 25.09 26.63 5000
106




Table 4.10 Training results for Experiment 4

Station I Station II Station III Training Number
Q.2 Qi Q: of
mre mse patterns
x10° trained
Very low Very low Very low 28.72 3.61 1464
Very low Very low Low 20.76 4.75 1088
Very low Low Very low 24.28 3.07 397
Very low Low Low 20.35 7.81 585
Low Very low Very low 22.23 3.02 341
Low Very low Low 18.47 5.85 654
Low Low Low 16.96 6.73 1106
Low Low Medium 13.59 9.47 410
Low Medium Low 13.87 6.58 173
Low Medium Medium 15.11 13.45 233
Medium Low Low 10.31 3.61 366
Medium Low Medium 14.37 16.51 440
Medium Medium Medium 14.53 30.45 1551
Medium Medium High 4.67 6.40 203
Medium High Medium 15.39 37.79 343
Medium High High 5.68 10.99 | 112 |
High Medium Medium 10.32 16.77 g
High Medium High 6.07 13.38 80
High High Medium 11.37 20.30 88
High High High 6.40 1451 103
Average performance (FNN) 18.19 11.56
Single ANN 24.76 24.84 5000
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Table 4.11 Training results for Experiment 5

Station I Station II Station III Training Number
Q4 Q-2 Q. of
mre mse patterns
x10° trained
Very low Very low Very low 28.74 3.61 1457
Very low Very low Low 20.83 4.96 1084
Very low Low Very low 23.87 2399 398
Very low Low Low 21.08 8.39 581
Low Very low Very low 21.66 2.89 349
Low Very low Low 19.32 6.42 651
Low Low Low 17.63 7.05 1107
Low Low Medium 13.89 10.52 414
Low Medium Low 14.64 7.04 171
Low Medium Medium 14.78 13.10 231
Medium Low Low 11.11 4.16 375
Medium Low Medium 14.54 16.37 425
Medium Medium Medium 14.82 30.99 1533
Medium Medium High 525 2235 219
Medium High Medium 1535 38.44 346
Medium High High 5.38 9.48 115
High Medium Medium 10.89 17.74 | 82
High Medium High 8.96 22.24 74
High High Medium 11.34 19.44 92
High High High 7.83 22.51 90
Average performance (FNN) 18.48 11.92
Single ANN 25.01 25.86 5000

Table 4.12 shows the model training results for the experiment 6 where three

inputs are used for the single output. The model testing results for all the experiments

are presented in the Table 4.13 for all the experiments. The study reveals that the Fuzzy-

neural network model for river flow prediction is performing better than the single ANN'

model considered for all the experiments in general based on overall mse and mre

values.
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Table 4.12 Training results for Experiment 6

Station Station | Station Station Training Patterns
I II I1I IV e s trained
Q: Q. Q: Q: x108

Very low Very low Very low Very low 15.98 0.71 1459
Very low Very low Very low Low 937 1.07 151
Very low Very low Low Very low 16.48 1.03 1054
Very low Very low Low Low 11.78 1.65 300
Very low Low Very low Very low 14.46 1.19 381
Very low Low Very low Low 14.01 2.12 130
Very low Low Low Very low 15.48 1.48 465
Very low | Low Low Low 1608 | 3.50 442
Low Very low Very low Very low 15.06 1.02 335
Low Very low Very low Low 968 1.20 142
Low Very low Low Very low 16.28 1.57 543
Low Very low Low Low 13.4 219 451
Low Low Very low Very low 14.61 1.28 205
Low Low Very low Low 12.33 1.85 137
Low Low Low Very low 14.23 1.39 602
Low Low Low Low 1634 4.60 955
Low Low Medium Low 15.92 6.06 345
Low Low Medium Medium 9.67 6.20 178
Low Medium Medium Low 16.96 7.87 129
Low Medium Medium Medium 9.1 6.99 169
Medium Very low Low Very low 10.66 0.89 39
Medium Very low Low Low 10.84 1.84 66
Medium Low Low Low 15.69 5.85 343
Medium Low Low Medium 10.1 5.18 91
Medium Low Medium Low 13.16 523 301
Medium Low Medium Medium 10.87 9.90 273
Medium Medium Low Low 16.31 6.74 229
Medium Medium Low Medium 8.94 445 132
Medium Medium Medium Low 11.82 4 .90 256
Medium Medium Medium Medium 8.53 9 R0 1299
Medium High Medium Medium 5.44 5.15 248
Medium High Medium High 7.42 19.22 163
Medium High High Medium 4.46 430 36
Medium High High High 8.63 24.64 107
High Medium Medium Medium 73 9.29 60
High Medium Medium High 7.12 13.53 34
High High Medium Medium 4.55 334 55
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(Table 4.12 Continued)

High | High Medium High 8.67 22.05 54
High  High High High 873 | 25.14 74
High | High High Very high 537 | 20.94 24
Very high | High High High 1.87 0.81 7
Very high  High High Very high 3.58 5.67 3
Average performance (FNXN) 13.43 4.25
Single ANN 16.36 15.23 5000
Table 4.13 Testing results of all the Experiments considered
SI. | Description ANN FNN Testing
no mre mse mre mse data
x10° x10°
| Expt.-1 28.33 38.37 23.78 2291 1939
2 Expt.-2 22 .41 35.05 21.02 29.78 1939
3 Expt.-3 23.60 29.01 20.68 2224 1939
-+ Expt.-4 22.49 27.03 20.63 21.65 1937
5 Expt.-5 21.92 21.95 20.68 23.30 1935
6 Expt.-6 19.43 13.06 19.47 11.92 1939

In experimentl, FNN is better than ANN by 40% in terms of mse and 16% in
terms of mre in testing when compared with ANN. In experiment 2, FNN is better than
ANN by 15% in terms of mse and 6% in terms of mre. In both the experiments | and
2,desired output was same with different inputs. Here only single input variable is used.

If we consider ANN models with different experiments, (for ANN of experiment
1 and ANN of experiment 3), the improvement in mse is 24% where as for FNN it is
negligible. In these cases also desired outputs are same. This reveals that with lesser

input variables FNN model gives better results. There is a significant improvement in
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the mse for ANN but FNN is good even with 1-1. ANN needs more input informations
for better modeling.

In experiment 3, FNN is better than ANN by 23% in terms of mse and 12% in
terms of mre where current informations of upstream sites are used. It is observed that
lag period considerations are affecting FNN performance due to non-availability of
RULE BASE in the case of experiment 4 and 5. By using one-day lag period or two day
lag period data, the FNN model may perform still better if the rule base can be
strengthened further.

In experiment 6, FNN is better than ANN by 9% in terms of mse, where three
input variables are used.

The performance of FNN model are analysed for different seasons within a year.
Fig. 4.4 shows the performance of ANN and FNN models in terms of mse for
experiment 1 in the normal year 1999. The FNN is performing better (less mse) than
ANN throughout the normal year considered. The performance of FNN model is either
similar or better than ANN model in the year 1999 for the experiment 2 where nearest
upstream discharge is used as input as shown in Fig.4.5. ANN is slightly predicting
better than FNN in the medium flow zones, which is evident from experiment 2 results.
In the Experiment 3, where two upstream stations discharges are used as inputs the
predicting ability of FNN is suffered slightly in the medium flow zone as shown in
Fig.4.6. The possible reason for this may be the large domain of medium flow. It is
observed that almost 90% of testing data are in the overlapping zones. In the training
data set, medium flow data dominating the set followed by very low and low flow data.
The Fig.4.7 shows the predicting ability of FW model during the high flood year of
1998 where FNN is closely following the observed flow in all the seasons. In the
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experiment 6,where three upstream stations discharge data are used as inputs also shows
the better performance of FNN model than ANN model (Fig.4.8).

Since the training data set contained extreme flow conditions, ANN is doing
uniformly in all the zones, as there is no scope for extrapolation where ANN is weak in
prediction.

The fuzzy system works best when the rules linking outputs to inputs can be
accurately specified. Set of rules can be developed from operating data by the fuzzy
inference method, but these are not quite as good as for accurate results. The system is
robust in that some rules can be left out or can contain errors without seriously
compromising performance. They are casy to adjust and understand. They can be fine-
tuned in the light of operating experience or with the help of insights provided by an
expert (Russell and Campbell, 1996). The fuzzy rule construction requires just a training
set. The training set can be either a set of observed data (as in this study) or a set of
outputs from a physical model. The computation of response by fuzzy rules is easy and
requires very little time (Shrestha et.al, 1996). -

The fuzzy rules obtained indicate that the very high flow most likely to occur at
downstream site when there is high flow at upstream sites of the channel. Although these
are In agreement with the current level of physical understanding of the system, the
fuzzy rules do not provide any information about the relationship between the high flow
and other environmental variables that are considered to be important (e.g., rainfall,
watershed, lateral flow). The overlapping option with the fuzzy inferencing rules gives
an advantage to this model. Furthermore, the FNN model also has more flexibilities
associated with it in the form of fuzzy rule formulation, choosing different suitable
architectures for each ANN for each fuzzy set. creating different fuzzy sets by
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considering suitable domains, ete. The 'NN modeling fuzzification of the discharge
data can be undertaken easily with the help of historical data and their statistics.

The I'NN model is overall better, but could not capture fully expert thinking
i exceptional circumstances. Also there are number of tributaries between various
gauging sites, lateral flow has played eflective role in eflicient prediction. A careful
assessment over this factor has been done with the available information. The
contribution (rom those tributaries is not significant, as they are not exceeding 16%
of the total flow between gauging sites considered. The main stem of the river
Dihang carries 37% of total discharge along with two major contributors are Dibang
(7.6%) and Lohit (9.5%) combining almost 54% which are joining the river at
upstream ol the gauging site 1. Between gauging station 11 and I, two major
tributaries Jia bharali and Subansiri contributes 5.84% and 10.66% respectively are
Joining the Brahmaputra river. Between 11 and 111, contributions from the tributaries
are around 10%. Similarly contribution from the tributaries between III and IV is less
than 10%. There is no major structure existing across river Brahmaputra as of now
and no water diversion is done between the gauging stations considered.

In this study, due to the non-availability of the data, the lateral inflow or
outflow between the various gauging sites are not considered. As number of input
increases, a  fuzzy rule based system: specilically the number of rules also
exponentially increases (curse ol dimensionality). This limitation can be overcome
by constructing more and more categories of flow and also rule base that should be
used only under special circumstances.

"The research study shows the better ability of the Fuzzy-Neural Network model

in predicting river flow. 'NN is {lexible and easy 10 build . The transparency of the
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knowledge gained by FNN model is also an advantage. The proposed approach uses the
least amount of information in terms of the number of inputs. The use of linguistic
variables makes it relatively easy to interpret the rules and if necessary change them.
Fuzzy rules are obtained in agreement with the physical understanding of the system.
Fuzzy rule base can be constructed on the basis of expert knowledge or observed data.
The seasonal variation is to be considered in the fuzzification phase. In addition to the
use of absolute observed values, inclusion of season dependent relative values may
increase the predicting ability of FNN, which is a future scope of study. This rescarch
study shows that the FNN approach has a great potential to be successfully applied to a

wide range of hydrological problems.
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CHAPTER 5

RESERVOIR OPERATION

5.1 INTRODUCTION

In this chapter the dynamic programming fuzzy neural network model (DPFNN
model) developed for better reservoir operation is discussed. DPFNN model uses fuzzy
logic and artificial neural network approach together to evolve a general operating
policy from the results of deterministic dynamic programming optimization. The results
of the DPFNN model are compared with the dynamic programming neural network
model (DPN model) which uses the artificial neural network only to arrive at the general
operating policy from the same deterministic dynamic programming optimization
results. Two reservoir systems in India are considered for this study. One is the
Pagladiya reservoir in Assam State, India, which is under construction and the other is
Aliyar reservoir, which is operational in the Tamil Nadu State, India.

The reservoir system operation is compiex in nature, as it has to incorporate all
the input imprecision and uncertainties. Optimal use of available water in a reservoir for
different purposes is attempted by many researchers using optimization and simulation
methods. The output of the study, usually the optimal release should fulfill all the system
requirements such as meeting various demands without violating the physical constraints
of the system. An important system characteristic is that the ability of existing and
proposed water resources systems to operate satisfactorily under the wide range of

possible future demands and hydrologic conditions.
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5.1.1 Literature review

Many approaches were attempted for reservoir operation studies in the past.
They are presented in this section with the problem formulation.

Russell and Campbell (1996) stated that the fuzzy logic approach might provide
a promising alternative to the methods used for reservoir operating modeling because the
approach is more flexible and allows incorporation of expert opinion. This approach will
facilitate the operators. The fuzzy rule based modeling of a reservoir operation is a
simple approach which opcrates on an “IF-THEN" principle, where the “IF” is a vector
of (fuzzy) explanatory variables such as inflow and “THEN” is a fuzzy consequences
such as the actual release from dam. The construction of fuzzy rules also incorporates
the experience of the reservoir operator, the “system expert” (Shrestha et al., 1996).
Recently many research studies were reported using fuzzy hybrid models for reservoir
operation studies too.

A fuzzy rule based approach was adopted by Shrestha et al. (1996) to emulate
reservoir operator’s experience. Shrestha et al. (1996) developed a fuzzy rule based
model to derive operation rules for a multipurpose reservoir based on economic
development criteria such as hydropower, municipal, irrigation, industrial, flood control,
navigation and environmental criteria. They found that the fuzzy rule based model is
easy to construct, apply and can be extended to complex system of reservoirs.

Russel and Campbell (1996) developed reservoir-operating rules with fuzzy
programming and found that it is a promising area but suffers from “curse of
dimensionality”. They found that it could be a useful supplement to other conventional

optimization techniques. Fontane et al. (1997) used an implicit SDP formulation to
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derive operating rules with imprecise objectives; all operating objectives were
considered as fuzzy sets, and preferences were described linguistically.

Panigrahi and Mujumdar (2000) used fuzzy logic for reservoir operation for case
study of the Malaprabha irrigation reservoir in Karnataka, India. Fuzzy rules had been
derived from a simulated operation of the reservoir with a SDP operating policy with
reservoir storage; inflow and demands are used as premises and the release as the
consequences. They showed that fuzzy rule based reservoir operation is simpler than
complex optimization procedure and the operators may feel more comfortable in using
such models which is casy to develop. In this study, a fuzzy rule based reservoir
operation model was developed for a single reservoir. Expert knowledge for framing the
Fuzzy rules was derived from a deterministic dynamic programming (DP) model. The
dynamic programming model was used here as an alternative to the expert knowledge
that is generally avaijlable with experienced reservoir operators. The methodology for
constructing the fuzzy rule base model was independent of the DP model.

Nagesh Kumar et al. (2001) developed a multi objective fuzzy linear
programming model for reservoir operation. They considered irrigation and power
generation as two objectives in their study. They studied Hirakud reservoir in Orissa
state as case study using the proposed model. Linear membership functions were used to
fuzzify the objective functions in that study.

Mohan and Raipure (1992) used a linear multiobjective programming model to
derive the optimal releases for various purposes from a large-scale multi reservoir
system consisting of five reservoirs in India. A trade-off analysis between the conflicting

objectives of irrigation and hydropower generation was carried out in this work.
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Esogbue and Kacprzyk (1998) presented a fuzzy criterion dynamic programming
that sought to maximize the expected fuzzy criterion function representing the degree of
satisfaction associated with the states of the system.

Dubrovin et al. (2002) developed a fuzzy rule based control model for
multipurpose real-time reservoir operation and found that it is better to fulfill the new
multipurpose operational objectives determined by the experts.

Tilament et al. (2002) developed a fuzzy stochastic dynamic program to solve
multipurpose multi-reservoir operation problems for deriving optimal operating policies.
The reservoir operation problem for the Mansour Eddahbi dam in Morocco was
formulated as a classical stochastic dynamic programming (SDP) problem, where the
objective function stresses energy maximization with particular volumes being released
for irrigation and as a fuzzy stochastic dynamic programming (FSDP) problem, in which
both hydropower generation and irrigation were considered as fuzzy constraints and
aggregated by the weighting method. Despite major differences in the mathematical
representation of operating objectives and constraints, they concluded that both

formulations yielded similar measures of system performance.

5.2 PROBLEM FORMULATION

Artificial Neural Networks are also used successfully for single reservoir as well ‘
as multi-reservoir operation (Raman and Chandramouli, 1996; Jain et al., 1999;
Chandramouli and Raman, 2001). While neural networks are ideal for modeling known
or unknown associations that exist between the input and output data, significant data

cleaning and Preprocessing are usually needed. In other words, input data must be
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carefully prepared for the network to process. The more input data, the better the
training results. The richer the input data, the more accurate is the model.

Simonovic (1992) had discussed the limitations of reservoir operation models.
He also suggested some measures to make them more acceptable to the operators.
Russell and Campbell (1996) also emphasized that due to the high degree of abstraction
necessary for efficient application of optimization techniques, the applicability of most
of the reservoir operation models is limited. The optimization models developed with
uncertainty are more complex and the field operating personnel find it too difficult to
use them. Further the results are very voluminous and hence interpreting them properly
for day-to-day operation also becomes difficult.

Young (1967) derived general operating policies for reservoir operation from
voluminous optimization results using regression procedure. Bhaskar and Whitlach
(1980) analyzed a single multi purpose reservoir using backward DP algorithm to obtain
optimal results. They made use of the procedure of deriving general operating policies
from deterministic optimization as initiated by Young (1967).

Bhaskar and Whitlach (1980) considered a quadratic loss function and derived
monthly policies by regressing optimal set of releases on the input and state variables.
Karamouz and Houck (1982) also developed a general reservoir system operating rules
by deterministic optimization and constructed a DPR model. The DPR model algorithm -
suggested by Karamouz and Houck (1982) had a deterministic dynamic program with a
regression model for deriving operating policies from DP results.

Raman and Chandramouli (1996) developed a DPN model,; which used neural
network for deriving general operating policies from the deterministic dynamic

programming optimization algorithm. Raman and Chandramouli ( 1996) derived rules

TH-1856_994702 124



from the optimization results using neural network approach for a single reservoir
operation. They also compared the results to regression based models and showed that
the DPN model gives improved performance than DPR model, stochastic dynamic
programming model and standard operating policy for that particular case study.

Jain et al. (1999) found that ANN can be effectively us::d in reservoir operation
and inflow prediction. They used time series modeling, optimization, system simulation
and ANNs for the operation of a single, multipurpose reservoir. They examined the
application potential of the ANN in attaining the reservoir operational objectives,
compared with the conventional models. They found that the high flows are modeled
better through the ANN, whereas low values are better predicted through the ARIMA
model. The average monthly deviation for all of the individual years as well as for the
entire period was less for the ANN model. For reservoir operation, the ANN model
performance was the best in terms of hydropower generation and irrigation deficit.

Chandramouli and Raman (2001) developed DPN3 model for a three-reservoir
system. In this study, from the optimization results of a three state variable DP, general
operating policies were derived using neural network. They had shown the usefulness of
ANN in deriving operating rules for a multi reservoir system. They compared the total
performance of a multi reservoir system based on DPN3 model and single reservoir
based DPN model operations. DPN3 model showed much improved results.

Chandramouli et al. (2002) developed a dynamic programming based neural
network model for analyzing the water sharing between two reservoirs in a multi
reservoir system catering for irrigation. They found that the DPN model gives very good

performance compared to other models considered.
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Cancelliere et al. (2002) used artificial neural networks for deriving irrigation
reservoir operating rules and found that operating rules based on an optimization with
constraints resembling real system operation criteria lead to a good performance both in
normal and in drought periods, reducing maximum deficits and water spills.

Many variables associated with reservoir operation such as inflow to the system,
base flow contribution, reservoir evaporation, demand, etc., can be expressed by fuzzy
concept (Panigrahi and Mujumdar, 2000). In this study, an attempt is made to use the
proposed fuzzy neural network hybrid model for deriving general operating policies
from optimization results of a single objective single reservoir problem.

Two reservoir systems in India are considered for this study. Two models,
namely a single neural network model and a fuzzy neural network model are developed
for deriving reservoir release from deterministic DP results (DPN model and DPFNN
model).

Planning reservoir operation is a dynamic multistage decision making problem in
which the decision made at a given stage and state has an impact on the future of the
system. System analysis, which involves use of optimization, simulation, and other
decision-making techniques, is a set of powerful tools to solve reservoir operation
problems. These techniques are increasingly being applied to real-life problems. A
number of successful applications of optimization techniques to reservoir operation
problems have been reported in the literature. Yeh (1985) also reviews the status of DP
in reservoir optimization problems. Dynamic programming (DP) and its variants have
been implemented to determine efficient operating policies for multipurpose, multi-
reservoir systems. DP does not require any restriction on the shape of the objective

function and can be extended to accommodate the stochastic nature of inflows, as well
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as the vagueness of some objectives and constraints. Yakowitz (1982) presented the
main applications of DP in water resources problems such as reservoir operation,
irrigation scheduling, and water quality control.

For multi purpose reservoir systems, both implicit and explicit stochastic
problems have been formulated and solved. In the implicit scheme, the stochasticity is
included by generating many equally likely sequences of inflows or by using forecasts,
historical flow sequence or critical values of inflows. Then the optimization problem is
solved in dcterministic environment (deterministic dynamic programming). In the
explicit scheme, the probabilistic structure of the inflows is incorporated directly into the
optimization model (stochastic dynamic programming). In this study, a deterministic DP

optimization is performed for deriving general operating policies of a reservoir.

5.3 SYSTEMS CONSIDERED
Pagladiya Dam

The system considered in this study is the proposed multipurpose dam across the
perennial devastating river Pagladiya in the Nalbari district of Assam State in India. It is
a north bank tributary originated from Bhutan hills. The hydrologic regime is
characterized by significant variation in both monthly and annual flows. Rainfall in the
monsoon period from April to September, are responsible for a large fraction of annual
flow. The reservoir is expected to regulate the unstable stream flows of the river and to
provide adequate water for irrigation as well as power generation.

Pagladiya dam site is located at about longitude 91°31°00” East and latitude

26°31'30" North. It is at 26 km north of Nalbari town. It has multipurpose objectives of
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irrigation, flood-control and hydropower generation. In this system, after power
generation, flow from tailrace channel will be diverted into irrigation canals. Designed
flood peak for flood protection is 1911 cumec. Designed flood storage requirement is

138 MCM. Table 5.1 shows the characteristics of the proposed reservoir. The dam site is

shown in Fig.3.8.

Table 5.1 Salient features of the proposed reservoir

CHARACTERISTICS QUANTITY
Storage capacity 473 MCM
Live storage 427 MCM
Dead storage 45.64 MCM
Maximum water level IIM
Minimum pool elevation 76.85 M
Irrigation storage 267 MCM
Flood storage 160 MCM
Power plant capacity 550 MW
Maximum release 46.3 CUMEC
Annual average yield 939.16 MCM
Annual irrigation water requirement | 65530 ha.m
Maximum discharge through spillway | 2800 CUMEC
Full reservoir level 87.5M

128

TH-1856_994702



Data of 10 days inflows into the reservoir over a period of 32 years collected
from the Brahmaputra Board were used in this study. The irrigation demands,
evaporation losses are also obtained from the Board. For this reservoir system, 10 days
time period backward DP model (3 time periods for each month) has been developed
and the results are used for developing FNN model based reservoir operating policies.
Aliyar Dam

Aliyar reservoir (FRL +320.000 m) is constructed at the foothills in eastern slope
of Anamalai hill range across Aliyar river in Tamil Nadu State, India. Aliyar river
originates from northern slopes of Anamalai Hills and flows in a north-westerly
direction for about 22.4 km before it enters the plain. This river is a tributary to
Bharadhapuza river system. Storage capacity of this reservoir is 109 MCM. It has a
catchment area of about 196.84 sq.km with an average annual rainfall of about 1200
mm. The fortnightly demand patterns with mandatory releases are given in Fig. 5.1. 27
years of fortnightly data are available for this reservoir system. For this system, a
fortnightly time period backward DP model has been developed by considering 20 years

of data. The rest of the data is used for comparing the performances of different models

developed.

5.4 DP MODEL

Backward deterministic dynamic programming optimization technique is used té)
find the optimal reservoir releases. In this formulation inflow into the reservoir is
considered as a known quantity. If we consider a reservoir with inflow as a known

quantity, the aim of the reservoir operation is to find the optimal release to
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maximize/minimize the given objective function. The objective function for the

deterministic dynamic programming algorithm is the minimization of irrigation defieit

. 2

z,=> (b, -Rr)) (5.1)
, :

Where

T= number of time periods;

R release during time period t, D= demand during time period t .

i.e. the objective is to minimize the annual sum of squared deficit. The main advantage

of this proeedure is that it penalizes heavily when deviatien is mere. Further both

negative and positive deviations are treated as same in penalization. The recursive

equation for any time period t is
n min .
/; (Sl)= R [Zl +.f;+ll(sl_lt—‘R()] (5'2)

subject to

E, f(Slast—lae()
Where
S,= storage at the beginning of time period t;
l,= inflow during time period t;
K = storage capacity of the reservoir;
E, = evaporation during time period t;

e, = evaporation rate during time period t;

TH-1856_994702
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n = total number of periods remaining before reservoir operation terminates.

The decision making process occurs in stages. i.e. in different time periods. In
each time pcriod, a decision is to be made i.e. how much water is to be released so as to
minimize the objective function. For each stage a recursive equation is constructed i.e.
each of this equation represents a stage at which the decision is requircd (cquation 5.2).

The state variable considered here is the storage volume (Sy) (Fig. 5.2).
The decision variable is the optimal release (Ry) to be made at each stage. These

recursive equations have to be solved in sequence.

5.4.1 Discussions

The DP model is solved for 18 years of historic data for Pagladiya reservoir
system (T = 648 ten days period). Different discretization levels for the state variable are
tried (2,5,10,15,20 Mm’). Using different discretization for the state variable initial
storage, optimal release for irrigation demand with mandatory release is estimated which
are shown in Table 5.2. The same analysis is also performed for Aliyar reservoir. Based
on both analyses, discretization 2 is adopted for all the analysis for both the reservoirs.

For Pagladiya dam, the computed optimal release using dynamic programming is
closely following the demand in different time periods in a year, as the system is surplus
in nature (Fig. 5.3). The irrigation demand in the monsoon period (April to September)
varies between 19 MCM and 31 MCM with mild fluctuation except in the 3" part of

June (source: Brahmaputra Board Project Report).
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Table 5.2 Dynamic Programming optimization results (Pagladiya)

Discretization Optimal release Squared deficit Spill
(MCM) (MCM)? (MCM)
2 15828 3433 8050
5 15743 4197 8123
10 14657 9074 8728
15 14376 12875 8309
20 12464 30141 9407

The total demand also includes the mandatory releases in the river channel for
the riparian rights (20% of the normal inflow during that time period). The average basin
rainfall varies between 150mm and 550mm per month in the same period with
maximum vulnerable months as June to September for Pagladiya river system.

For Aliyar dam, the demand pattern is given in Fig. 5.1. Due to more command

area and committed releases, the demand is much higher for this reservoir.

5.5 DPN MODEL DEVELOPMENT

The DP algorithm developed has provisions to print the results with different
input combinations. After examining the available data, the following input variables are
considered for DPN model in different experiments. Initial storage of the reservoir
system at a particular time period, inflow into the reservoir at a particular time period,
total demand of the reservoir system at a particular time period, inflow with lag 1, lag 2

and lag 3 time periods are used to develop DNN models in different experiments.
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Three different experiments considered for the research study. First two experiments are
presented in this section. The third experiment is presented in the subsequent section.
Experiment 1: The input variables inflow and initial storage at a particular time period
and the output variable is optimal release during that time period.

Experiment 2: The input variables are current inflow, current initial storage and current
demand and the output variable is current release.

The dynamic programming neural network model (DPN model) developed for
this study, uses a feed forward neural network model for deriving general operating
policies from the reservoir. The scheme adopted for DPN model development is given in
Fig.5.4. Fig 5.5 shows the developed neural network model for experiment 2. The
results of the Dp optimization are printed in the required form of a particular experiment
and using the generated patterns, DPN model is developed for different vexperiments.
The training is carried out using the error back propagation algorithm. Sigmoidal
activation functions are used in the considered neural network. The training is done by
monitoring the performance index mean square error (mse) and mean relative error
(mre). In thijs study, eight neurons are used in single hidden layer. For each experiment

different DPN models are developed.

5.6 FUZZY NEURAL NETWORK MODEL

The fuzZy neural network modeling approach to find the general operating policy
for the proposed reservoir is developed in a site-specific manner in this study. The
results of the deterministic DP model and the field expert’s opinion collected by field

survey are€ used a5 the base for different FNN models created in this work. Three
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different FNN models are developed for different experiments performed. After
examining the available data, the following input variables are considered for
fuzzification in different experiments. Initial storage of the reservoir system at a
particular time period, inflow into the reservoir at a particular time period, total demand
of the reservoir system at a particular time period, inflow with lag 1, lag 2 and lag 3 time

periods are fuzzified to develop FNN models in different experiments.

For each experiment performed, the inputs considered for deriving general
operating policy is divided into three fuzzy sets namely LOW, MEDIUM and HIGH
respectively. The entire inflow domain, initial storage, demand and the total release are

categorized into three fuzzy sets with necessary overlap. (Table 5.3 and Table 5.4)

Table 5.3 Domain for different fuzzy sets (Pagladiya reservoir)

Variables V LOW MEDIUM HIGH
MCM) (MCM) (MCM)
Inflow 0-100 50-150 >100
Initial Storage 0-200 100-300 >200
Demand 0-50 25-75 >50
Optimal Release | 0-100 50-150 >100

The rule base is developed on the basis of both historical data and expert

knowledge based on DP optimization results. The fuzzy associate memory developed for

the fuzzy model has rules, which are shown in Table 5.5 for experiment 1.
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Table 5.4 Domain for different fuzzy sets (Aliyar Reservoir)

Variables LOW MEDIUM HIGH
(MCM) (MCM) (MCM)
Inflow 0-20 10-30 20-75
Initial Storage 9-60 30-90 60-110
Demand 0-20 10-30 20-40
Optimal Release | 0-20 10-30 20-40

Table 5.5 Fuzzy rule base formulated (Experiment No.1)

RULE
NUMBER

RULES

1

IF Inflow is LOW and Initial storage is LOW then Release is LOW

2 IF Inflow is LOW and Initial storage is MEDIUM then Release is
LOW

3 IF Inflow is LOW and Initial storage is MEDIUM then Release is
MEDIUM

4 IF Inflow is LOW and Initial storage is HIGH then Release is
LOW

5 IF Inflow is LOW and Initial storage is HIGH then Release is
MEDIUM

6 IF Inflow is MEDIUM and Initial storage is HIGH then Release is
LOW

7 IF Inflow is MEDIUM and Initial storage is HIGH then Release is

MEDIUM

For each fuzzified grouping, namely LOW, MEDIUM and HIGH, a separate neural

network model is developed to establish the membership function of each group i.e. the
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fuzzy surface of each fuzzy set is developed using the trained neural network model. As
the neural network developed are having sigmoidal activation function, the output values
are normalized. The results from DP optimization are Segregated as per the domain

values into groups and the training is done for each case. In this case too,

H(X)=0; m>x x>1 (3.3)
H 4 (x) = owrput from trained neural network model if m < x </ (5.4)
where

m = the lower limit of a fuzzy set,

! = the maximum limit for a fuzzy set and

Ha(x) = the membership function of a fuzzy set. The developed fuzzy syrfyce for each
fuzzy set is not a standard shape. This arbitrary shape is decided using the neural
network. The membership function for each fuzzy set is established bageg on the inputs
considered in each experiment.

The membership function for the output variable optimal release g derived bageq
on the normalization factor used in the respective neural network model. For he
experiment 2, the rule base detail is given in Table 5.6. The patterns are available fop all
possible rule combinations from the DP results. Hence all the possible rules ara used in

this case. (27 rules).
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Table.5.6 Fuzzy rule base formulated for Experiment 2

RULE RULES

NUMBER

1 IF Inflow is LOW and Demand is LOW then Release is LOW

2 IF Inflow is LOW and Demand is LOW then Release is MEDIUM

3 IF Inflow is LOW and Demand is LOW then Release is HIGH

4 IF Inflow is LOW and Demand is MEDIUM then Release is LOW

5 IF Inflow is LOW and Demand is MEDIUM then Release is MEDIUM

6 IF Inflow is LOW and Demand is MEDIUM then Release is HIGH

7 IF Inflow is LOW and Demand is HIGH then Release is LOW

8 IF Inflow is LOW and Demand is HIGH then Release is MEDIUM

9 IF Inflow is LOW and Demand is HIGH then Release is HIGH

10 IF Inflow is MEDIUM and Demand is LOW then Release is LOW

11 IF Inflow is MEDIUM and Demand is LOW then Release is MEDIUM

12 IF Inflow is MEDIUM and Demand is LOW then Release is HIGH

13 IF Inflow is MEDIUM and Demand is MEDIUM then Release is LOW

14 IF Inflow is MEDIUM and Demand is MEDIUM then Release is
MEDIUM

15 IF Inflow is MEDIUM and Demand is MEDIUM then Release is
HIGH

16 IF Inflow is MEDIUM and Demand is HIGH then Release is LOW

17 IF Inflow is MEDIUM and Demand is HIGH then Release is
MEDIUM

18 IF Inflow is MEDIUM and Demand is HIGH then Release is HIGH

TH-1856_994702
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Table 5.6 continued

19 IF Inflow is HIGH and Demand is LOW then Release is LOW

20 IF Inflow is HIGH and Demand is LOW then Release is MEDIUM

21 IF Inflow is HIGH and Demand is LOW then Release is HIGH

22 IF Inflow is HIGH and Demand is MEDIUM then Release is LOW

23 IF Inflow is HIGH and Demand is MEDIUM then Release is MEDIUM
24 IF Inflow is HIGH and Demand is MEDIUM then Release is HIGH

25 IF Inflow is HIGH and Demand is HIGH then Release is LOW

26 IF Inflow is HIGH and Demand is HIGH then Release is MEDIUM

27 IF Inflow is HIGH and Demand is HIGH then Release is HIGH

For any experiment, the fuzzy reasoning used is the simple monotonic method, a
basic fuzzy implication technique. This type of reasoning is followed when only one rule
1s fired and suitable for the inflow considered. If two rules are fired for a particular
inflow value, the Min-Max rule of implication is executed. The consequent fuzzy region

is restricted to the minimum of the predicate truth.

5.7 RESULTS AND DISCUSSIONS

The DPN model and DP-FNN model are compared using a simulatiop model]
based on the objective function. Both the models use the optimal release datg from DP.
as base information for model development. Hence for both the FESCrvoirs, for thie
validation series of 7 years, deterministic DP model is developed with same objective
function and this original DP results for 7 years are used as benchmark for assessing the

model performances.
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In this discussion, the results of the simulation model, which operates based on
the operating rules derived using DPN model and DPFNN model are compared. For
every time period considered, DPN / DPFNN model gives optimal release based on
some inputs provided to them. Based on mass balance, the final storage is computed in
the simulation model. The final storage of previous time period becomes the initial
storage for the subsequent period and the next period performance is assessed
subsequently. As the total system performance depends on the operating policy, the
objective function value resulting from different models are compared to assess the best

model.

The Squared deficit and the spill for both the reservoirs from the dynamic

programming optimization results are presented in Table 5.7.

TableS.7 Direct DP optimization results for validation serieg

Reservoir Squared deficit | Spill

(MCM)? (MCM)

Pagladiya 5119 715

Aliyar 9374 12

S5.7.1 Discussions on Experiment 1 and Experiment 2 for Pagladiya reservojr

Total squared deficit and spill for Pagladiya reservoir for twgq difr,
Crent

experiments are presented in the Table 5.8. It is observed that the total Squared ge
elicit
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for DPFNN model is less than the DPN model by almost 50% in experiment 1

considering 7 years validation data.

The year wisé squared deficit of DPFNN model and DPN model are shown in
Fig.5.6 for the experiment 1. The DPFNN performed better than DPN model in al] the
years, which consists of normal years, water scarce years as well as water surplus years.
Fig.5.7 shows the spill value for different years for the experiment 1 for both DPFNN

and DPN model, which indicate the better performance of DPFNN model.

The efficiency of both the models are examined considering the within year
performance for the experiment 1.The total number of nil deficit time periods gre more
in DPFNN model than DPN model as DPFNN is performing consistently better than

DPN model which is shown in Fig.5.8.

Both the models considered are highly deviating from the Dp OPtimizatioy
results (400%for DPFNN and 640% for DPN). The operating policies deriveq only using

inflow and initial storage (i.e. Experiment 1) is not satisfactory.

The DPFNN model performance suffered in the experiment 2 where the Squateq
deficit is almost two times than DPN model. Total spill for the DPENN mqq ;o 40%,
less than the DPN model for the experiment 1. Spill also helps us to infer the Quantjyy, o
water, which is wasted with out proper usage. The higher spill by DPFNy mode] ;;,
experiment 2 shows the inability of the operating policies developed by the CD“Sidered

model to use water effectively for irrigation.
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But the performance of DPN and DPFNN models based on experiment 2 showed

improvement over models based on experiment 1. (Fig. 5.9)

Table 5.8 Testing results for Pagladiya reservoir

Model Experiment 1 Experiment 2
Squared | Spill Squared | Spill
deficit | (MCM) | deficit (MCM)

DPFNN | 24983 | 1737 13894 1366

DPN 37760 | 2392 6471 874

5.7.2 Discussions on Experiment 1 and Experiment 2 for Aliyar reservoir

Another existing reservoir called Aliyar is considered for the analysis to examine
the behavior of the proposed model in water scarce situation. Same experiments are
conducted for this reservoir also. The total squared deficit and spill for the experimentg 1
and 2 are shown in Table 5.9. The results are varying slightly for this reservoir. The
objective function value for DPFNN model and DPN model are almost same. By,
DPFNN has more spills. Here also, the DPFNN model suffers by almost 12% than Dpy
model for the experiment 2 considering the squared deficit. But spill is less in DPFNN
model than DPN model for the same experiment. In this system, DPFNN mode| does

excess release and suffers in its performance.
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Table 5.9 Model results for Alivar reservoir

Model Experiment 1 Experiment 2
Squared Spill Squared Spill
deficit (MCM) deficit (MCM)

DPFNN 17034 25 12185 13
DPN 17028 0 10554 97

The performance of DPFNN and DPN model for the Aliyar reservoir considering
the objective function value are shown in Fig.5.10 and Fig. 5.11 year wise for
experiments 1 and 2. DPFNN model suffers in the experiment 2 for all the 7 years.

Further, the exclusion of demand as input to ANN, (experiment 1), leads to more
poor performances for both DPN and DPFNN model. Hence, it can be concludeg that
the model performances are more influenced by the variable demand during a particylyr
time period.

It may be concluded that the modeling strategy adopted in the case of experiment
2 for DPFNN model need more tuning and simplification. The performance of the
DPFNN model suffers in the experiment 2 may be due to the in-efficient ryje base for
the patterns considered. The overlapping criteria and the width of the domain bage are to
be suitably amended considering the field situation. The architecture used for different
fuzzy sets are also to be modeled carefully. DPFNN model is not giv

ing Satisfactory
performance in experiment 2 where all possible rule combinations are used
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$.7.3 Experiment 3

Based on the study experiences from experiment 1 & 2, experiment 3 is planned

with slight modifications.

The deterministic optimization using regression and neural network methods
attempt to capture the relationship between inputs and outputs. When the outputs are the
control decisions and inputs are the state variables of the system, the problem is ill posed
as control decisions are based on policies that are not known in advance (Simonovic,
1992),

Philbrick Jr. and Kitanidis (1999) discussed the limitations of the deterministic
optimization applied to reservoir operations. Philbrick Jr. and Kitanidis (1999)
demonstrated the contrasting control policies developed using deterministic optimization
of inflow forecasts with control pol{cies using stochastic optimization of probabilistic
inflows. The DPR model suggested by Karamouz and Houck (1982) for obtaining the
optimal release for a particular time period, the inflow during that period is used since it

is a deterministic formulation.

As a continuation of that research, Raman and Chandramouli (1996) developed
the neural network model and regression model for deriving general operating policies
for a reservoir system. In that study, inflow during a particular time period was used as
an input. In their study, the DPR model is based on a multiple linear regression form

Ry=al +bS,+cD,+d (5.5)

Where a, b, ¢ and d arc regression coefficients and D, is the demand during the time

period t. Similar to that, in DPN model to0, Iy was an input to ANN mode], In these

-
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models (both the DPR and ppy models) the variable inflow I during a time period is

treated as a kNOWN quantity since it was a deterministic optimization.

In experiment 3, an attempt is made to develop operating policies, which needs

the known data of previous time periods as input to decide about the decision variabe
using fuzzy neural network modeling.

In this experiment, the input variables are initial storage at a particular time
period, inflow with lag 3 time periods, inflow with lag 2 time periods, inflow with lag 1
time period, demand during the considered time period and the output variable ig
optimal release during the considered time period. Hence - from the deterministic
optimization results, the operation rules are derived based on the inflow from previous
three time periods and demand during that time period t, which can be estimated iy

advance. Hence the problem is not ill posed as in the earlier cases.

S5.7.3.1 DPN model for-experiment 3

This DPN modef is built in as two-tier system. In the first phase, based on initial
storage, the data are classified into three categories. For each case, a neural network is
developed with inputs as inflow with lag 3 time periods, inflow with lag 2 time periods,
inflow with lag 1 time period and the demand during the considered time perioq, After
examining the initial storage during a particular time period, the operator will yge an

appropriate ANN to be fired. The division of data made for each storage class jg Crisp in

nature.

-
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5.7.3.2 DPFNN model for experiment 3

In the DPFNN model, the initial storage which is the state variable is not
included as the input .variable, but the initial storage is fuzzified into three fuzzy sets
with overlapping namely, LOW, MEDIUM and HIGH. The whole patterns generated
are classified into three groups as per the fuzzification adopted. Based on the historical
data set optimization, the rule base is generated.

The neural network model is developed for the classified groups of these three
fuzzy sets from optimization results. The neural network developed by considering the
inflow from the catchment during time periods t-3, t-2 and t-1, demand during that time
period (Fig.S.12).

The reservoir initial storage fuzzy sets membership functions are déscribed using
trained ANNs, which uses inflow from the catchment during time periods t-3, t-2 an( 1.
1, and demand during that time period as inputs. The output pptimal release is described
by triangular membership function (Fig.5.13)- The fuzzy inferencing is done using minj-
max principle. The defuzzification is done based on near edge of the support get
defuzification procedure.

Rule base :

If Initial storage is LOW, then optimal release is LOW

If Initial storage is MEDIUM, then the optimal release is LOW

If Initial storage is MEDIUM, then the optimal release is MEDIUM

If Initial storage is HIGH, then the optimal release is MEDIUM

If Initial storage is HIGH, then the optimal release is HIGH
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Input layer Hidden layer . Output layer

Fig.5.12. Neural network model for Expt.3

157
TH-1856_994702



LOW MEDIUM HIGH

Membership
function

0 10 20 30 40

Domain in MCM

Fig.5.13. Triangular membership function for release (Aliyar)
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Table 5.10 Model results for Experiment 3

Model Pagladiya Aliyar

Squared Spill Squared Spill

deficit (MCM) | deficit (MCM)

DPFNN 6641 779 10451 64

DPN 6946 701 11560 85

In the case of experiment 3, for Pagladiya and Aliyar reservoirs, DPFNN model
is performing better than DPN model. In the case of Aliyar reservoir, DPFNN model is
carrying 11% less squared deficit than DPN model. The spill is less in DPFNN mode]
compared to DPN model for the experiment 3. In the case of Pagladiya too, DPFNN
model shows 4.5 % improvement in the total squared deficit value. The spill is more for
DPFNN than DPN model. This is due to the system water availability. In the water
scarce situation for Aliyar dam, operating policies of DPFNN model used more warer
effectively to improve the system performance. In more water available situation for
Pagladiya reservoir, DPFNN model performance is better than DPN mode| but more

water is spilled by DPFNN model due to the fact that it does more hedging,
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5.7.3.3 Comparing DPFNN model of Experiment 3 with best performing DPN
model of Experiment 2 for both the reservoirs

The DPFNN model of experiment 3 is better than DPN model of experiment 2
for Aliyar reservoir system. But for Pagladiya reservoir system, it is not so. The
behaviour of the models in two contrasting nature of reservoirs are different. DPN model
for Pagladiya reservoir (experiment 2) does more release and hence it meets the required
demand (which results in lesser squared deficit)(Table 5.8). Since water availability is
more, more release of DPN model (experiment 2) does not lead to sufferings in lean
periods of the system. On the other hand, in a water scarce Aliyar system more release
of DPN model (experiment 2) leads to sufferings in lean periods of the system and hence
it is performing poorer when compared with DPFNN (Table 5.9). The practicability ot
using the experiment 3 model in field is high.

Advantage of fuzzy rule based system for reservoir operation is that by using
linguistic statement like low initial storage, medium inflow and high release, the models
are developed. The operators may find comfortable to use these models. Furthermore,
the DP-FNN model also has more flexibilities associated with it in the form of fuzzy ryle
formulation, choosing different suitable architectures for each NN for each fuzzy set,
creating different fuzzy sets by considering suitable domains, etc.

Formation of a fuzzy rule base for reservoir operation related to seasona]
variation in both hydrological variables and operational targets. Snowmelt and raint‘al‘l
play an important role in a hydrological year. Hence better performance may not be
obtained with the same rules throughout the year. This leads to various kinds of myleg
required for different seasons. Sometimes rule combinations. which are not available i

the training data sets. may be encountered as an extra ordinary case in the testing data
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set. In that case, the nearest rule combinations are considered though it affects the
performance of the model.

The fuzzy rules obtained indicate that the high release from the dam most likely
to occur when there is high inflow to the initial storage in the reservoir. Although these
are in agreement with the current level of physical understanding of the system, the
fuzzy rules do not provide any information about the relationship between the high
inflow and other environmental variables that are considered to be important (e.g.,’
rainfall, watershed, lateral flow).

The optimization models used in various reservoir operation studies are far too
complex and data intensive to be of immediate use for actual operation. The fuzzy neural
network model presented in this study, on the other hand, is mathematically simple and
provides implementable, near optimal operating policics. Since the model s not
mathematically complex, the technology transfer is expected to be more effective, It
provides an opportunity for the reservoir operators to participate in formulating the rule
base. In the present work, the fuzzy rules have been derived from a simulated operation
of the reservoir with a deterministic DP operating policy. The DP model is used here
only as an alternative to an expert who is presumed to have a good insight to provide the
fuzzy rules f§r operations, and that the DP model itself is not essential for the approach
presented here. The results presented here could be quite sensitive to the nature of the

membership function and defuzzification methods. DP-FNN is flexible ang easy to

build.
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CHAPTER 6

FUZZY NEURAL NETWORK APPROACH FOR FLOOD
ROUTING

6.1 INTRODUCTION

Continuous forecasting of river flow can be made by indirect and direct methods.
The indirect method initially involves prediction of runoff either through a rainfall-
runoff model or by routing the flow observed at an upstream gauge to the desired
location downstream. The routing techniques are more useful when the travel time is
longer and the downstream flow is low or controlled. Very rarely, all the data necessary
to apply a routing model to a length of channel or channel network is available. All the
barameters and variables like rainfall in the catchment, catchment characteristics,
influencing the inflow hydrograph, channel properties involves impreciseness of
subjected to uncertainty. These quantities can be efficiently modeled by using fuzzy
concepts. To examine the applicability of the fuzzy neural network modeling (FNN) for
real time forecasting at different time periods and spaces along the channel, necessary
data has been generated by using kinematic wave equation in the absence of field data
for temporal as well as for spatial variation.

In this chapter, a kinematic wave equation model (KWM) is developed for g
particular stretch of a small natural channel to generate the necessary data for the
analysis, as it is difficult to obtain field data for any natural channel. Spatial ang
temporal variation of the flood wave is obtained foi‘ the stretch considered using the
developed model. From the results of KWM, two models namely Fuzzy Neural Network

model and Artificial Neural Network model have been developed to obtain continuoyg

flow forecasting in the downstream sections of the channel and their performances gpe
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compared. Tl:le applicability of the FNN model for distributed flow routing has been
demonstrated in the study. When we consider a long reach with a requirement of
predicting at close spatial and temporal levels, the flood routing models will be huge and
a field operator in the field will find it difficult to use them for practical applications. So
in this study an attempt is made to develop the user-friendly fuzzy neural network

model, which will be very easy for a field operator to use it in field with ease.

6.2 PROBLEM FORMULATION

The first attempt to numerically simulate the one-dimensional Saint Venant
€quations for flood routing problems was made by Stoker (1953) and Isaac-son (1954).
In 1961, Preissmann provided the famous four-point box scheme. Since then, a variety
of numerical techniques> have been used to solve flood routing problems. These include
the explicit characteristic models, the implicit finite difference models, and few attempts
using the finite-element models.

The kinematic wave approximation includes the gravitational and frictional forces.
In most natural open channels, the friction and bed slopes predominantly govern the
movement of flood waves. The kinematic wave theory has been researched and reporteq
extensively in hydrology literature since Lighthill and Whitham introduced it (Lighthiy
and Whitham, 1955). Growing environmental and ecological concems have increased.
the role of the kinematic wave theory in describing and modeling environmenta} and
hydrologic processes (Singh, 1996).

Hromadka and DeVries (1988) argued after a series of test varying the Ax ang
that the use of the kinematic wave method for channel routing needs evaluatiop for use

in hydrologic models unless guidelines are developed to control the arbitrary use of the
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kinematic wave in design studies. They added that kinematic wave programs needs
internal checks to select Ax and At such that an accurate solution is achieved.

The kinematic wave equations, resulting from simplification of the Saint-Venant
equations have many advantages. Among these are the possibility of analytical solutions
for simple geometries and fewer boundary conditions as compared with the far more
complex Saint-Venant equations.

Generally KWM do not need downstream boundary conditions but require only
initial condition and upstream conditions. This implies that kinematic wave equation can
only model discharge changes from upstream end but cannot account for downstream
influences (Price, 1994). During application of kinematic equation, a uniform flow
condition is usually assumed at downstream, provided no backwater effects (Akan and
Yen, 1977). It is suitable when available data consists of observed upstrearh water depth
on the reach. In addition to this, model requires far less computer time and storage than
Saint-Venant equations. Hence it could be useful for rapidly calculating particyjqy
characteristics of a flood wave (Odai, 1999).

Most of the analysis of KWM is related to constant or time varying rainfal].
Problems with spatial variation of rainfall or surface characteristics, such ag roughness
and slope, are stil] not well documented in the literature (Jaber and Mohtar, 2002). T, ese
are quantities for which there is often only semi quantitative informations available ty
cannot be expressed either with precise values or through statistical distribmion& The
usual mathematical tools cannot use information of this type because they 4, not take
such uncertainties into account. Fuzzy neural network approach can solve the Proble em
by transforming imprecise information into a formal statement of ““Certamt,es to

evaluate the way these uncertainties propagate to variables such as dischargeg and
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stages. In this way this problem is well suited for use in fuzzy neural network. Fig.6.1

shows the work plan for the analysis.

6.3 SYSTEM CONSIDERED
Ghoramara channel, a small north bank tributary of the Brahmaputra river, passing
through the IIT Guwahati campus has been considered for the analysis. The channel is
almost dry in the lean period but overflows during the rainy season. The average width
of the channel is 6m and depth of the channel is 4m. No significant lateral flow exists for
the reach considered. The collection of flow data has been carried out during the extreme
lean period when average flow velocity was 0.25 m/s and average depth of flow was
0.15m in the middle of the river. Cross-sectional as well as longitudinal details have
been collecfed by a detailed survey for a stretch of 600m in the channel (Fig.6.2). The
longitudinal details such as riverbed level and bank level are collected at every 10m.
interval. The cross secfion details such as bed level, depth of flow are taken at a space of
1.5m on either direction from the centerline of the river flow. The longitudinal bed slope
as well as lateral bed slope is estimated from the measured data in the channel. The
velocity of flow and the corresponding depth of flow are obtained for a whole day at an
interval of one hour at inlet as well as at outlet section using area velocity flow meter
SENSor to obtain the inflow as well as outflow discharge
Fig.6.3 shows the model 4250 Area-Velocity Flow Meter used for flow
measurement in this study. This equipment has a probe with two different sensor
systems. By submerging it in the flow stream, mean velocity of flow and depth at wh;cp,

flow is measured can be read directly. It contains a pressure transducer to measure water
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KW MODEL RESULTS

IDENTIFYING THE VARIABLES FOR FUZZIFICATION

IDENTIFYING THE UNIVERSE OF DISCOURSE

FUZZIFICATION OF THE VARIABLE

SYNTHESIZING MEMBERSHIP FUNCTION VALUES USING ANN FROM
MODEL RESULTS AND EXPERT'S OPINION

RULE BASE FORMATION

FUZZY INFERENCING

DE-FUZZIFICATION

' FINE TUNING THE MODEL

Fig.6.1. Work plan for the study
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Fig.6.2. Systen
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1 considered and data collection process

167



TH-1856_994702

Fig.6.3. Area Velocity Flow Meter

. e
Lua



depth and a pair of ultrasonic transducers to measure velocity. The working principle of

velocity sensor is based on Doppler effect.

6.4 KINEMATIC WAVE MODEL

From the observed data of the channel on a particular day, using kinematic wave
routing model, the data are generated for closer time and space domain.

The Saint-Venant equations (Neglecting lateral inflow, wind shear, and eddy losses,

and assuming B=1) are:

Continuity equation

Il
(o]

Conservation form

2|3
SIS

6.1)

Momentum equation

Conservation form

2
1 6Q , 1 9 (Q )+gg—i'—-g(so-5f)=o (6.2)

A ot A 90x A
Local acceleration  Convective acceleration Pressure  Gravity Friction
term term force term force term force term

The continuity and momentum equations for the kinematic wave are combined to
produce an equation with Q as the only dependent variable:

a_Q_.'. aBQB"é_Q_.zq

ox ot (6.3)
The objective of the numerical solution is to solve eq. (6.3) for Q (x, t) at each

point on the x-t grid, given the channel parameters o and [, the lateral inflow q (1), ang
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the initial and boundary conditions. The purpose of the solution is to determine. the
outflow hydrograph Q (L, t). The numerical solution of the kinematic wave equation is
more flexible than the analytical solution. It can more easily handle variation in the
channel properties and the initial and boundary conditions.

The time and space derivatives of Q are approximated on the x-t grid as shown in

Fig.6.4. The unknown value is Q. The values of Q on the j* time line have been

previously determined, and so has Q/*'. It is solved by linear scheme. The backward

difference method is used to set up the finite difference equations.

6.5 METHODOLOGY ADOPTED

As it was not possible in the field to have spatial data along the 600 m channel,
using the KWM results these data are generated. FNN and ANN models are developed
by keeping riverbed slope as independent fuzzy variable with other variables like
roughness coefficient, width of channel and inflow at inlet.

The outflow at a distance of every 50m interval and time step of 10minutes has
been computed for different bed slopes using the linear scheme of the one dimensional
kinematic wave equation under the finite difference solution (Fig.6.4). The flow chart of
the program has shown in Fig.6.5.

There are four inputs used in the computations. They are Inflow, Mannings
coefficient N, bed slope S, and channel width. For this study, Channe] width and
Manning’s roughness coefficient are kept constant. The outflows are estimateq for
different bed slopes and different inflows. The other parameters can also be fuzzifieq for

better analysis. But for the demonstrative purpose, only slope parameter is considereq
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(j+Dat — —

(O  Known value of Q

[J  Unknown value of Q

Time t

JAt

1AX (I + I)Ax

Distance x

Fig.6.4. Finite difference box for solution of the linear
kinematic wave computation
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Compute initial conditions defined by
baseflow,time t=0 on time line j=1

Apply Courant condition to each grid
point on time line,and choose the smallest:

At = minAt,

Advance to next time step:

t=t+Atj=]+I1

Use inflow hydrograph to determine
discharge Q{*i at upstream boundary,i=1

Increment to next interior point(i+1) on time line j+1,
x = x + Ax Solve for the discharge Q IJ::

No Downstream discharge

computed
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for the fuzzification. The expert knowledge for framing the fuzzy rules is derived from
the KW model results. The KWM results are used as an alternative to the historical field

database. The methodology for building the fuzzy rule based model is independent of

the KW model.

6.6 ARTIFICIAL NEURAL NETWORK MODEL (KW-ANN)

Out of total 288 patterns of data obtained from the KWM results, 198 patterns
are used for training & cross validation and the remaining 90 patterns are used for model
testing. Inflow, Mannings coefficient N, bed slope So and channel width are used as
inputs and the output is outflow at various spaces. The training data consists patterns of
extreme high and low bed slopes so as to learn the system behavior effectively. Mean

square error and Mean relative error are used as performance indices in this study. ANN

model is shown in the Fig.6.6.

6.7 FUZZY NEURAL NETWORK MODEL (KW-FNN)

Based on the bed slope, the whole training data has been segregated into various
fuzzy sets that consist of overlapping of datasets. The inputs are fuzzified allowing the
variation of bed slope only keeping other parameters constant. The various domains of
slope and corresponding outflows are given in Table 6.1 and Table 6.2. Fig.6.1 show;

the FNN model building procedure.
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Input layer Hidden layer Output layer

Fig.6.6. KW-ANN model
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Table 6.1 Zones for different fuzzy sets for slope

SLOPE VERY MILD MILD STEEP

DOMAIN

0.00-0.002 0.001-0.003 0.002-0.004

Table 6.2 Zones for different fuzzy sets for outflow

FLOW LOwW MEDIUM HIGH
(cfs) (cfs) (cfs)
DOMAIN 20-30 25-35 30-40

Various rules have been formulated (Table 6.3). After construction of the fuzzy

Sets, every set has been trained using particular neural network architecture. For

defuzzification, min-max principle has been used to get the crisp output.

Table 6.3 Rule Base for the Experiment

Rule Rules

number

1 IF river bed slope is VERY MILD then outflow is LOW

2 IF river bed slope is VERY MILD then outflow is MEDIUM
3 IF river bed slope is MILD then outflow is MEDIUM

4 IF river bed slope is MILD then outflow is HIGH

5 IF river bed slope is STEEP then outflow is MEDIUM

6 IF river bed slope is STEEP then outflow is HIGH

TH-1856_994702
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6.8 RESULTS AND DISCUSSION

All the training results in terms of mse and mre results are shown in Table 6.4. It
is observed that the performance of the FNN model is better than ANN model
considering the model building results (lower mse and mre value). When compared

based on the model testing, FNN is performing better than the ANN model as shown in

Table 6.5.
Table 6.4 Training results for the Experiment
Slope Outflow Training Number
SO Q( of
mre mse patterns
trained
Very Mild Low 0.61 0.04 79
Very Mild Medium 0.51 0.11 103
Mild Medium 0.45 0.09 78
Mild High 0.60 0.18 40
Steep Medium 0.45 0.09 75
Steep High 0.60 0.16 41
Average performance (FNN) 0.52 0.10
Single ANN 0.60 0.11 198

Table 6.5 Testing results of the Experiment

ANN FNN Testing
mre mse mre mse data
5.28 2.56 3.60 1.78 90
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The predictive ability of the FNN model are analysed considering the outflow at
a space of 600m from the inlet section for different type of riverbed slopes. For very
mild slope condition, the outflow produced by KWM and FNN are very close than the
ANN model as shown in Fig.6.7. Better performance is observed considering the mild
slope criteria (Fig.6.8). But, in case of steep slope criteria of the riverbed, the FNN
model is performing almost similar to ANN model as shown in Fig.6.9. The
Performance of FNN suffers in the steep slope category because 90% of the field data is
dominated by the very mild and mild slope criteria as the data collected during the
€xtreme low flow condition.

The performance of the FNN model is also examined considering the measured
outflow at different time periods of the particular day. The downstream discharge
predicted by the FNN model is more close to the observed discharge compared to other
model considered which shows the better ability of the FNN model than ANN model
(Fig.6.10). |

Fuzzy neural network modeling in flood routing performs better considering the
natural channel. The ability of the FNN model by handling the uncertain and imprecise
variables has been demonstrated. The model is simple and easy to build. The necessary
data required for the model is very less. It also carries the ability to follow the temporal
as well as the spatial variation of stream flow more closely than other model. It may be
more effective in the real field situation when other routing models suffer due tq

insufficient information for the given system.
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CHAPTER 7

SUMMARY AND CONCLUSIONS

7.1 SUMMARY

A hybrid algorithm called Fuzzy Neural Network (FNN) model has been
developed and presented in this study. The applicability of the proposed Fuzzy Neural
Network model in four different hydrological problems is examined in this research
work namely deriving stage discharge relationship, river flow prediction, deriving
general operating policies for reservoir operation and distributed flow routing. The
Brahmaputra river system located in Assam State, India is considered for this study. The
pProposed model can be developed and used very easily.

FNN model is developed for derivation of stage-discharge relationship at various
gauging stations of the main stem of river Brahmaputra with the objective of generating
missing data to get continuous stage-discharge record for a long period. For this, twenty
Yyears stage discharge data has been collected at four gauging sites. Out of available 20
years historical data, 13 years (1981-1993) flow data are used for model development
and 6 years (1994-1999) flow data are used for verification. Mean squared error and
Mmean relative error, are used as performance indices. Four different models namely a
Conventional model, a single neural network model (ANN), a modular neural network
model (MNN) and a fuzzy neural network model (FNN) have been constructed at thrce;
8auging sites and their performances are compared by simulating the system. Three
different experiments are performed.

Application of FNN model is extended for rivér flow prediction at downstream

Station by knowing status of upstream gauging stations. Simulation studies also carricd
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out to assess the performance of fuzzy neural network model and single neuta: ueovwoin
model. Six different experiments are performed in the study. In first five experiments, 3
gauging stations in river Brahmaputra are considered and for experiment 6, 4 gauging
stations are considered for analysis. Discharges in the upstream gauging stations with
and without lag periods are used for fuzzification in developing the models.

An attempt is also made with fuzzy neural network model to derive general
operating policies from deterministic dynamic programming for optimization results of
single reservoir systems. Two contrasting single reservoir systems one in drought prone
area (Aliyar) and another in surplus system (Pagladiya) in nature are considered in this
study for assessing the ability of the developed models using three different experiments.
For both the reservoirs, out of available data, 7 years of data are used for model
validation of the single reservoir model. For the study, minimizing the sum of squared
deficit is considered as the objective of optimization. A detailed analysis by comparing
model building results, validation results, release, total spill in each model, drought and
water surplus years performances have been carried out. Three different experiments of
single reservoir systems are performed in this study to suggest suitable input variables.

The suitability of the proposed approach in flood routing is also examined by
considering a small north bank tributary of the Brahmaputra river. Cross-sectional as
well as longitudinal details have been collected by a detailed survey for a stretch of
600m in that channel. Depth of flow and corresponding flow velocity are also obtained
for the stretch, Using the observed data, a kinematic wave equation (KWM) model is
developed for generating the spatial and temporal data. From the results of KWM, the
FNN and ANN models are developed. The usefulness of FNN model has been explored

by comparing it with ANN model for flood routing all along the flow section.

..
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7.2 CONCLUSIONS
From the above studies, the following conclusions are drawn. In general, the
research study reveals that the proposed hybrid modeling gives improved results for

different problems. The conclusions are presented case by case in this section.

1. Deriving stage-discharge relationship-
a) When Conventional, ANN, MNN, and FNN models are compared based on
the performance indices, ANN, MNN, and FNN models perform better than
conventional model.
b) When ANN, MNN, and FNN models are compared, ANN and FNN model
performed better than MNN model. MNN model suffers in split regions due to
data discontinuity.
¢) FNN model performs better than ANN model in all the experiments. FNN
model gives 2% to 20% improvement over ANN model. FNN performs better
due to overlapping of data that provides continuity.
d) The hysteresis effect is better represented in the FNN model than other
models. Firing of appropriate rules in the case specific situation is the advantage

of FNN model.

IL. River flow prediction-
a) FNN model showed better predicting ability than ANN model when compared
using model building and testing results by considering different experiments.

b) Performance of FNN model is improved by 9% to 40% over ANN model
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in the various experiments. Performance of the FNN is slightly suffe..- ...._..

more inputs are used.

c) The FNN prediction results are very close to the observed flow during the

single input cases. In case of two or more input cases, FNN model performance

is slightly deviated from the observed flow. But, FNN model is closely following

the observed flow than ANN model considering the model testing results.

I11. Reservoir operation-

Three different experiments are performed in deriving general operating policies

of a reservoir system from deterministic DP optimization results. Based on the

results, the following conclusions are derived.

a)

b)

d)

-~

Overall performance of DPFNN model is better than DPN model in terms of
objective function value by 45 % to 50 % in experiment 1.

But DPFNN and DPN models based on experiment 1 are giving inferior
results compared to Dynamic Programming optimization results.

DPN model performs better than DPFNN model when we consider
Experiment 2. Adopting all possible rule combinations for DPFNN model is
the possible cause of inferior performarce.

In the case of simplified experiment 3, the DPFNN model performs better
than DPN model for both reservoir systems. In this new approach, the
dels are known in

problem is also not ill posed, as all the inputs to the mo

advance to the user.

TH-1856_994702
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IV. Flood routing-

a) Based on performance indices, it can be inferred the FNN model
performance is better than ANN model in terms of mse.

b) As the distances increases, FNN model shows better performance than ANN
model for riverbed slope is verymild or mild and FNN model performance is
almost similar to ANN model for steep slope condition of the riverbed.

FNN models are easy to build and simple to understand due to the transparency
of knowledge associated with it. As per field personnel’s interest, formation of rule base,
decision about fuzzy sets and defuzzification strategy can easily be altered in the
proposed algorithm. The use of linguistic variables make it relatively easy to interpret’
the rules and if necessary change them.

The overlapping option with the fuzzy inferencing rules gives an advantage to
this model. Furthermore, the FNN model also has more flexibilities associated with it in
the form of fuzzy rule formulation, choosing different suitable architectures for each
ANN for each fuzzy set, creating different fuzzy sets by considering suitable domains,
etc. The FNN modeling fuzzification of the discharge data can be undertaken easily with
the help of historical data and their statistics. The FNN model is more flexible than the
other models considered with more options of incorporating the fuzzy nature of the real

world system.

7.3 FUTURE SCOPE OF STUDY

Fuzzy neural network approach is a promising area for various hydrological

problems as observed in the study. For other hydrological problems, this approach can

be cflectively used to obtain more close behavior to the real field situation. More

-

TH-1856_994702
186



influencing variables can be included as fuzzy variables in different hy<...co-——-
problems discussed in this study to improve the model performance. Different strategies
in fuzzy modeling like defuzzification methods, membership functions and rule base
formulation etc, are the areas showing good scope for extended research study in the
proposed hybrid model.

From the hydrological or hydraulic point of view, the stage —discharge relation of
gauging station [, 11 and 11 are related to each other. The dependence among the stations

through an ANN approach may be another area for future research study.
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APPENDIX

(optimal architecture of various ncural nctwork models)

Figures arc attached as the basis for deciding the network architecture of neural
network model. These are Fig. A-1, Fig.A-2 and Fig.A-3.To obtain optimal network
architecture. various trial and error procedures are adopted which are discussed in page
s,

Network architectures are difterent for various cxperiments that are based on
input parameters and desired outputs. Number of sweeps, learning rate, momentum
factor, number of neurons in hidden layer ete. are to be decided after various analysis

and their performances.
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