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ABSTRACT
The current study employs a hierarchical adaptive network-based fuzzy inference system for flood forecasting by developing a rainfall–runoff model for
the Narmada basin in India. A hybrid learning algorithm, which combines the least-square method and a back propagation algorithm, is used to identify the
parameters of the network. A subtractive clustering algorithm is used for input space partitioning in the fuzzy and neurofuzzy models. The model archi-
tectures are trained incrementally each time step and different models are developed to predict one-step and multi-step ahead forecasts. The number of input
variables is determined using a standard statistical method. An artificial neural network (ANN) model which uses an Levenberg–Marquardt (LM) back-
propagation training algorithm has been developed for the same basin. The results of this study indicate that the hierarchical neurofuzzy model performs
better compared to an ANN and the standard fuzzy model in estimating hydrograph characteristics, especially at longer forecast time horizons.

Keywords: hierarchical neurofuzzy model; Takagi–Sugeno fuzzy model; subtractive clustering; flood forecasting

1 Introduction

One of the major concerns that the human society faces is the risk

of disasters related to water resources, viz. floods, droughts, pol-

lution, consequences of likely climate changes, etc. India has to

confront severe floods due to intense precipitation, primarily

during the monsoon period (during the months from June to

September), year after year.

The National Commission for Integrated Water Resources

Development studied the flood problem in India in detail and

concluded that there is no possibility for complete protection

against floods (NCIWRD 1999). It therefore suggested that

emphasis should be placed on better management of flood

plains, flood forecasting, flood preparedness and flood insurance.

Flood management is a complex process, requiring the simul-

taneous consideration of the hydrologic, hydraulic, structural,

geotechnical, environmental, social, economic and behavioural

aspects of flooding. River flow forecasting is an effective non-

structural measure for flood management and can reduce the

damages due to flooding to a greater extent. River flow forecasts

provide advance warning of expected river stages during floods

and are of immense utility in saving life and property. These are

also helpful in regulating reservoirs during floods.

Floods are natural phenomena and are inherently complex to

model. Flood forecasting is achieved by developing rainfall–

runoff models. The relationship between rainfall and runoff is

very complex and depends on rainfall and watershed character-

istics. The rainfall–runoff process exhibits a higher degree of

temporal and spatial variability and is further plagued by nonli-

nearity of the physical process, conflicting spatial and temporal

scales, and uncertainties in parameter estimation. Various statisti-

cal models have been proposed for flood forecasting, such as stat-

istical correlation techniques, autoregressive moving average

(ARMA) models, etc. Physically based models may be more

accurate for flood forecasting, but these models require substan-

tial amount of physical data for their successful operation.

Artificial neural network (ANN) and the fuzzy inference system

(FIS) models are two popular data-driven modelling (DDM) tech-

niques extensively used for hydrologic forecasting. ANNs are non-

linear regression techniques and are well suited for hydrologic

modelling (Connor et al. 1994, Atiya et al. 1999, Babovic and

Keijzer 1999, Tayfur 2006, Tayfur and Singh 2006, Tayfur et al.
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2007), as they can approximate virtually any (measurable) func-

tion up to an arbitrary degree of accuracy (Hornik et al. 1989).

The emergence of neural network technology has provided

many promising results in the field of hydrology and water

resource simulation (ASCE Task Committee on Application of

Artificial Neural Networks in Hydrology 2000a, 2000b, Dawson

and Wilby 2001). Similarly, FIS can be seen as a logical DDM

approach, which uses if–then rules and logical operators to estab-

lish qualitative relationships among the variables in the model.

Fuzzy sets serve as a smooth interface between qualitative vari-

ables involved in the rules and the numerical domains of the

inputs and outputs of the model. The rule-based nature of the

fuzzy models allows their use of information expressed in the

form of natural language statements, and makes the models trans-

parent to interpretation and analysis. The last decade has witnessed

a number of applications of fuzzy logic in hydrologic forecasting

(See and Openshaw 1999, Hundecha et al. 2001, Xiong et al.

2001, Xiong and O’connor 2002, Sen and Altunkaynak 2003,

Chang et al. 2005, Nayak et al. 2005a, Vernieuwe et al. 2005,

Tayfur 2006, Tayfur and Singh 2006, 2011, Nayak 2010).

Some recent studies have tried to address the limitations of

FIS (and ANN) by employing various statistical or conceptual

modelling approaches while developing FIS (or ANN) models.

For example, See and Openshaw (1999) proposed a hybrid

model for improving the forecast accuracy of ANN models,

which is based on splitting the data into different subsets

before training and developing individual ANN models for

each subset. Output of these networks is then recombined via

the rule-based fuzzy logic model that has been optimized using

a genetic algorithm (GA). They demonstrated the potential of

the model on the Ouse River catchment in northern England,

and reported that the hybrid model was better in performance

than an Auto ARMA model and a naı̈ve model for water level

forecasting. Nonetheless, the proposed hybrid model failed to

capture the peak flow characteristics. Later, See and Openshaw

(2000) combined four individual conventional river flow forecast

models (ranging from neural network to statistical models) in

order to improve forecast accuracy. The combining of forecasts

was achieved through Bayesian and fuzzy logic techniques.

The results indicated that the addition of fuzzy logic to crisp

Bayesian approaches resulted in better forecasts compared to

other combining methods for the Ouse River catchment in north-

ern England. However, in this case too, the peak flow represen-

tation by the combined model was poor.

A fuzzy logic-based conceptual rainfall–runoff model was

proposed by Ozelkan and Duckstein (2001). They reported that

calibration of the fuzzy conceptual rainfall–runoff models

using fuzzy least-squares regression technique, with fuzziness

introduced into both rainfall and runoff yielded usually more

stable parameter estimates than those obtained assuming nonfuz-

ziness or crispness of the rainfall and runoff. Chang et al. (2001)

suggested a fusion of neural network and fuzzy arithmetic in a

counter-propagation fuzzy neural network (CFNN) and applied

this to the Da-chi River at Nanhusi in central Taiwan for real-

time flood forecasting. The performance of the CFNN was

reported to be good in dealing with reconstruction of streamflow.

Hundecha et al. (2001) developed the fuzzy rule-based models to

simulate different physical processes involved in the generation of

discharge from rainfall for River Neckar in southwest Germany,

and compared them with a conceptual model Hydrologiska

Byråns Vattenbalansavdelning (HBV). They reported that the

fuzzy logic approach of modelling catchment processes was able

to reproduce the observed discharge well, but under low and

normal flow conditions, no noticeable difference was observed

between the HBV and the fuzzy rule-based model. Chang et al.
(2001) adopted a new approach to improve real-time reservoir oper-

ation. The approach combines a GA and an adaptive network-based

fuzzy inference system (ANFIS). The GA was used to search the

optimal reservoir operating histogram based on a given inflow

series, which can be recognized as the base of input–output training

patterns in thenext step.TheANFISwas thenbuilt tocreate the fuzzy

inference system, to construct a suitable structure and parameters,

and to estimate the optimal water release according to the reservoir

depth and inflow situation. Ludermir and Valenga (2002) presented

a fuzzy neural network model for inflow forecast for the Sobradinho

Hydroelectric power plant, part of the Chesf (Companhia HidrelC-

trica do Siio Francisco-Brazil) system. The model was implemented

to forecast monthly average inflow on a one-step-ahead basis. Nayak

et al. (2004, 2005b) applied ANFIS to hydrologic time series mod-

elling, in the river flow forecasting. Ulke et al. (2009) applied ANFIS

model for suspended sediment load estimation.

Although previous studies report a promising result in stream-

flow modelling, by developing fuzzy or neurofuzzy techniques,

attention is required to optimize the number of if–then rules.

Since FIS or ANFIS perform piecewise approximation of the

process at a local level, the effective partitioning of the input

space is important. Yet another concern is in the input partitioning

methods that are commonly employed, such as grid partitioning or

scatter partitioning. The grid-partitioning approach enforces a

large number of small identical rule patches, although one large

patch would theoretically be able to correctly classify the data in

a specific region of the input space. Models may suffer the

‘curse of dimensionality’ when they handle more input vectors

(typically more than six inputs) with lengthy data sets. It is to be

noted that an effective partition of the input space can decrease

the number of rules and thus increase the speed in both the learning

and application phases, thereby reducing the number of parameters

which in turn reduces the uncertainty. To eliminate the problems

associated with grid-partitioning, scatter partitioning of the input

space into rule patches has been proposed (Chiu 1994, Setnes

2000). In this partitioning, the antecedent parts of the fuzzy rules

are positioned at arbitrary locations in the input space.

In the current study, FIS and ANFIS models are developed

and a subtractive clustering (SC) technique is applied to find

out the optimum number of if–then rules from the input–

output data pair. The paper is organized as follows. First, we

give a brief overview of the Takagi–Sugeno (TS) fuzzy and neu-

rofuzzy models integrated with SC. Following this, the

2 Sagarika Rath et al.
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development of fuzzy and neurofuzzy models for flood forecast-

ing is presented. An ANN model has also been developed for

comparison. The results are analysed and discussed in the sub-

sequent sections. The conclusions are then presented after an

evaluation of the performance by these models in inflow

forecasting.

2 Statement of the problem (in fuzzy modelling approach)

Standard fuzzy systems are generally applicable, in the sense that

they are universal approximators, and can approximate arbitrary

continuous functions to any accuracy. Because of their transpar-

ency and general applicability, substantial progress both in the

theory and application of fuzzy systems has been achieved

during the last four decades. However, as fuzzy systems have

been applied to more complicated and high-dimensional

systems, the ‘curse of dimensionality’ has become increasingly

apparent as the bottleneck to wider application. The curse of

dimensionality of fuzzy systems can be summarized as follows:

Rule dimensionality: The total number of rules in the fuzzy rule

base increases exponentially with the number of input variables.

Parameter dimensionality: The total number of parameters in

the mathematical formulas of fuzzy systems increases exponen-

tially with the number of input variables.

Data or information dimensionality: The number of data or

knowledge set required to identify fuzzy systems increases expo-

nentially with the number of input variables.

As a consequence of the curse of dimensionality, transparency

and interpretation (important advantages of fuzzy systems) is

damaged as humans are incapable of understanding and justifying

hundreds or thousands of fuzzy rules and parameters. Further, as

there are often only limited data available for applications, a large

number of rules and parameters result in over-fitting, which

destroys the generalization ability of fuzzy systems.

The bottleneck for FIS development is the identification of the

antecedent parameters, which includes the optimal number of if–

then rules and the shape of the membership function (MF). If we

know the shape of the function being approximated (as in the

earlier example) it would be easy to identify the model par-

ameters. This is done generally with the help of ‘expert knowl-

edge’. However, this can be done only in the case of ‘decision

support systems’ development. In the case of ‘function approxi-

mation’ this method may not be reliable. If the number of MFs is

large (implying large number of fuzzy rules), the system requires

large computation time for inference. Moreover, the huge rule

base may over-fit the system and cause the system to lose the

capability of generalization. If a system requires n input variables

each partitioned into m MFs, the total number of rules required to

model the system by using one single fuzzy inference system is mn.

As the complexity of the problem increases, the number of

required inputs increases too, requiring an exponentially larger

number of rules. In order to deal with the problem rule-explosion,

the development of hierarchical fuzzy systems has been proposed.

In hierarchical systems, the number of rules increases linearly with

the number of inputs rather than exponentially.

The partitioning process of the input/output space has a great

influence on the performance of a fuzzy and neurofuzzy system

in relation to its desirable features (accuracy, generalization,

automatic generation of rules, etc.). The grid-partitioning

approach enforces a large number of small identical rule

patches, although one large patch would theoretically be able

to correctly classify the data in this region. It is to be noted

that an effective partition of the input space can decrease the

number of rules and thus increase the speed in both learning

and application phases. To eliminate the problems associated

with grid partitioning, scatter partitioning of the input space

into rule patches have been proposed (Chiu 1994, Setnes

2000). In this type, the antecedent parts of the fuzzy rules are

positioned at arbitrary locations in the input space. In the

current investigation, the SC algorithm is used as the effective

partitioning algorithm in a fuzzy and neurofuzzy model for deri-

vation of if–then rules and models are applied to flood forecast-

ing. A mathematical detail on SC is discussed in the next section.

3 Methodology

This section deals with the description of FIS, ANFIS and ANN

in general and the methodology for the development of the three

models for real-time flood forecasting at the Mandla gauging site

of the Narmada River basin in India.

3.1 FIS model development

Fuzzy inference systems are composed of a set of IF–THEN
rules. A TS fuzzy model has the following form of fuzzy rules:

Rj: if x1 is A1j and x2 is A2j and . . . xn is Anj then y ¼ gj (x1, x2, . . . ,

xn) ( j ¼ 1, 2, 3, . . . ,N)

where g(.) is a crisp function of xi.

Usually, gj(x1, x2, . . . , xn) = v0 + v1x1 + v2x2 + · · · + vnxn.

The overall output of the fuzzy model can be obtained by

y =
∑N

j=1 gj(.)T
mj

i=1mij(xi)
∑N

J=1 T
mj

i=1mij(xi)
, (1)

where 1 ≤ mj ≤ n is the number of input variables that appear in

the rule premise, N is the number of fuzzy rules, n is the number

of inputs,mij is the MF for fuzzy set and T is a T-norm for fuzzy con-

junction. The TS–FS is a single-stage fuzzy system. It is important

to partition the input space using some clustering, grid partitioning,

etc. The shapes of MFs in the antecedent parts, and the free par-

ameters in the consequent parts are also to be determined using

some adaptive techniques. In the current analysis, a SC algorithm

is used to partition the input space and the least-square error

Hierarchical neurofuzzy model 3
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method is used for consequent parameter optimization. Brief dis-

cussion about the SC algorithm is given below.

The SC method (Chiu 1994) is an extension of the mountain

clustering method (Yager and Filev 1994), where the potential is

calculated for the data rather than the grid points defined on the

data space. As a result, clusters are elected from the system train-

ing data according to their potential. The SC compared with

mountain clustering has an advantage that there is no need to esti-

mate a resolution for the grid.

SC algorithm uses data points as candidates for cluster

centres. Data matrix with n data point {x1, x2, . . . , xn}in k
dimensional space includes also the output and it is normalized

within the hypercube. It is considered that each data point is a

potential cluster centre and defines a measure of the potential

of the data point xi as

Pi =
∑n

j=1

e−a ||xi−xj ||2 , (2)

where a = 4/r2
a and the data point with many neighboring data

points will have a high potential value. The constant ra is effec-

tively the radius defining a neighborhood; the data point outside

this radius has little influence on the potential. After the potential

of every data point has been computed, the data point with the

highest potential as the first cluster is selected. Let x∗1 be the

location of the first cluster centre and p∗1 be its potential value.

Then the potential of each data point xi may be revised by formula

pi = pi − p∗
1e−b ||xi−x∗1 ||

2

, (3)

where b = 4/r2
b and rb is a positive constant. After reduction is

done, the data point with the highest potential is selected as

cluster x∗2. Next, it selects the data point with the highest remaining

potential as the second cluster centre. Similarly, it reduces the

potential of each data point according to their distance to the

second cluster centre. The process is repeated until a given

threshold for the potential is obtained such that (P∗
k/P∗

1) , 1.

The choice of 1 is an important factor affecting the results; if 1 is

too large, too few data points will be accepted as cluster centres

and if 1 is too small, too many cluster centres will be generated.

It is important to note that the influence of neighboring data

decays exponentially with the square of the distance instead of

the distance itself. So for a compact cluster (small ra), a lot of

data points are close to its centre. Each cluster centre x∗i may be con-

sidered as a fuzzy rule that describes the system behaviour. Given

an input vector y, the degree to which rule i is fulfilled is defined as

mi = e−a ||y−y∗i ||2 , (4)

wherea is the constant defined by Eq. 2. The output vector may be

computed using Eq. 1. Eqs 1 and 4 provide a simple and direct way

to translate a set of cluster centres into a TS fuzzy model.

In SC, the procedure automatically determines the number of

clusters, which is related to the value of ra. A larger value of ra

leads to a large radius for each cluster and all data can be clus-

tered in a few cases. In contrast, a small value of ra means

more compact clusters but the number of classes will be larger.

The cluster radius may be fixed after several trials. It may be

noted that the radius specifies the range of influence of the

cluster centre of each input and output dimension. Assuming

that the cluster radius falls within the hyper box of the unit

dimension, a smaller cluster radius will usually yield more clus-

ters in the data, and hence more number of rules. Simultaneously,

it increases the model complexity and hence decreases the

parsimony.

3.2 Neurofuzzy model development

ANFIS is a powerful universal approximator for vague and fuzzy

systems (Lin and Chen 2006). The basic structure of adaptive

network consists of three main conceptual parts: a FIS which

includes three components: a rule base, a data base, a reasoning

mechanism and a learning mechanism consisting of a multilayer

feed-forward network (Nayak et al. 2004). The adaptive network

based on the Sugeno fuzzy inference model provides a determi-

nistic system of output equations and thus the parameters can be

easily estimated (Takagi and Sugeno 1985). The architecture of

ANFIS consists of five layers (Figure 1). A brief sketch of the

operation of these layers is as follows.

The first layer (input nodes) is composed of nodes which gen-

erate membership grades according to the appropriate MFs and

the set of parameters to minimize are determined accordingly.

In the second layer (rule nodes), the AND or the OR operator

is applied to compute every possible conjunction of the decision

rules. In the third layer (average nodes), the main purpose is the

normalization of the conjunctive MFs in order to rescale the

inputs. The fourth layer (consequent node) is a standard percep-

tron in which the Sugeno fuzzy inference model is used to associ-

ate the normalized MF towards the total output, in other words,

the contribution of each rule is computed. For more details on the

ANFIS model development, readers are referred to Nayak et al.

(2004, 2005b).

3.3 ANN model development

ANNs are massively parallel systems composed of many proces-

sing elements connected by links of variables weights. The ANN

is characterized by its architecture that represents the pattern of

connection between the nodes, its method of determining the

connection weights and the activation function. The ANN con-

sists of a number of artificial neurons known as processing
elements or nodes. Each node performs a mapping of its inputs

to its output in a three-step process: firstly, it calculates the

sum of the activation of its inputs, and then decides its new acti-

vation level based on the derived sum, and finally generates an

4 Sagarika Rath et al.
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output signal corresponding to the new level. Each neuron in a

specific layer is connected to many other neurons via weighted

connections. The weights determine the strength of the connec-

tions between interconnected neurons.

A major concern in the development of a neural network is

determining an appropriate set of weights that make it perform

the desired function. There are many ways that this can be

done; the most popular class of these algorithms is based on

supervised training. Supervised training starts with a network

comprising an arbitrary number of hidden neurons, a fixed top-

ology of connections, and randomly selected values for

weights. The network is then presented with a set of training pat-

terns, each comprising an example of the problem to be solved

(the inputs) and its corresponding solution (the targeted

output). Each problem is input into the network in turn, and

the resultant output is compared to the targeted solution provid-

ing a measure of total error in the network for the set of training

patterns. Properly trained back propagation network give reason-

able results when presented with new input during validation.

In the process of model development, several network architec-

tures with different number of input neurons in input layer with

varying number of hidden neurons are considered to select the

optimal architecture of the network. A trial and error procedure

based on the minimum error during validation is used to select

the best network architecture.

The Levenberg–Marquardt algorithm is a modification of the

classic Newton algorithm for finding an optimum solution to a

minimization problem. It is designed to approach second-order

training speed and accuracy without having to compute the

Hessian matrix. The Hessian matrix contains second derivative

of network errors with respect to network weights and Jacobeans

matrix contains a first derivative of the network error matrix with

respect to weights. When the performance function has the form

of a sum of squares (as is typical in training feed-forward

networks), then the Hessian matrix can be approximated as

H ¼ JTJ and the gradient can be computed as g ¼ JT e, where

J is the Jacobean matrix and e is a matrix of network errors.

The Jacobean matrix can be computed through a standard back

propagation technique that is much less complex than computing

the Hessian matrix. So, in the Levenberg–Marquardt Algorithm,

the Hessian matrix is approximated in terms of the Jacobean

matrix following a Newton-like update in the following ways.

xk+1 = xk − [J TJ + mI]−1J Te, (5)

J TJ = H , (6)

J = ∇E, (7)

J Te = g, (8)

where x is the weights of neural network and m is the learning

parameter that controls the learning process. When m is zero,

Figure 1 ANFIS architecture.
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this is just Newton’s method, using the approximate Hessian

matrix. When m is large, this becomes gradient descent with a

small-step size. Newton’s method is faster and more accurate

near an error minimum, so the aim is to shift towards

Newton’s method as quickly as possible. Overall, second-order

nonlinear optimization techniques are usually faster and more

reliable. Therefore, in this study, the Levenberg–Marquardt

algorithm is used for multilayer perceptron training.

4 Study area and data availability

In the present study, the Narmada River basin up to the Mandla

gauging site forms the study area. The rainfall and runoff data of

Narmada River basin have been used to develop the soft comput-

ing models (FIS, ANFIS and ANN) for real-time flood forecast-

ing at the Mandla gauging site.

The Narmada River emanates at Amarkantak in the Shahdol

district of Madhya Pradesh in Central India at an elevation of

1057 m above the mean sea level. The Narmada basin extends

over an area of 98,796 km2 and lies between longitudes 728
32′ E–818 45′ E and latitudes 218 20′ N–238 45′ N. In the

present study, the upper Narmada basin up to the Mandla site,

covering a catchment area of 13,120 km2 has been selected. A

location map of the study area in the Narmada River basin and

the upstream gauging stations are shown in Figure 2. The subba-

sin of the Narmada River up to the Manot gauging site lies

between East longitudes 808 24′ –818 70′ and North latitudes

228 26′ –238 18′ with most of the part lying in the Mandla district

and some part in Shahdol district of Madhya Pradesh in India.

The basin occupies an area of 4980 km2 and length of the river

is about 269 km. The topographical and hydrometeorological

details are reported in Nayak and Sudheer (2008). The rainfall

and runoff data available for the monsoon season (June–

October) during the years 1989–1993 on an hourly interval

have been used in the study. The rainfall data are available in

the form of aerial averages for the entire basin. Thus input data

for a developed model consists of: (i) hourly runoff and hourly

rainfall data at the Mandla gauging site and (ii) hourly runoff

data at 4 upstream gauging sites: Manot, Mohgaon, Hridyanagar

and Dindori.

5 Input vector selection and model evaluation

The current study employed a statistical approach suggested by

Sudheer et al. (2002) to identify the appropriate input vector.

The method is based on the heuristic that the potential influen-

cing variables corresponding to different time lags can be ident-

ified through statistical analysis of the data series. The procedure

uses cross-correlations, autocorrelations and partial autocorrela-

tions between the variables in question along with their 95% con-

fidence interval. By analysing these correlogram plots, the

significant lags of independent variables that are potentially

influencing the output (dependant variable) can be identified.

The identified input vector according to Sudheer et al. (2002)

included a total number of 16 variables (Nayak et al. 2005a).

Sudheer et al. (2003) suggest that, by following the guidelines

used in traditional statistical modelling, the model performance

can be improved in the case of soft computing-based models. In

most traditional statistical models, the data have to be normally

distributed before the model coefficients can be estimated effi-

ciently. If the data are not normally distributed, then suitable trans-

formations to normality have to be applied. Data transformations

often are used to simplify the structure of the data so that they

follow a convenient statistical model (Sudheer et al. 2003). In

the current study, log-normal transformation is used and the deter-

ministic component in the runoff and rainfall series was removed

prior to modelling. The variables are scaled to fall between 0 and 1

as the activation function warrants. The total available data have

been divided into two sets, i.e. a calibration set and a validation

set; the parameters of the model are identified using the calibration

data set and the model is tested for its performance on the vali-

dation data set. The resulting hydrograph was analysed statisti-

cally using various performance indices. The goodness of fit

statistics considered are the Root mean square error (RMSE),

between the computed and observed runoff, the coefficient of cor-

relation (CORR), the model efficiency (EFF), mean absolute error

(MAE) and mean absolute relative error (MARE). In addition to

these indices, a certain event-specific evaluation measures are

also employed to evaluate the model performance such as the per-

centage error in peak flow estimation and the time difference to

peak flow. Finally, the error distribution at different threshold

levels for all the models is also compared.

6 Results and discussions

This section deals with the results obtained from FIS, ANFIS and

ANN models for real-time flood forecasting at the Mandla

gauging site of the Narmada River basin in Madhya Pradesh.

The same input variables have been used for FIS, ANFIS and

ANN as discussed in the previous chapter. The results obtained

are in accordance with the data used and methodology presented

in the previous chapters.

6.1 Optimal model structure

The three models (FIS, ANFIS and ANN) are developed for pre-

dicting the hourly runoff at the Mandla gauging station (for 1–

6 hour lead time forecast) as a function of rainfall and runoff

data at the Mandla gauging site and other gauging stations

described in the previous section. Various network configur-

ations with different network parameters are trained and tested

using these models. The error parameters are computed for

each model architecture. The best model architecture is selected

on the basis of the overall performance of the model during

validation.
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In the FIS development, the input data are partitioned using

SC. In the analysis, the optimal cluster radius is different for

different lead times of forecasting. According to the rule for-

mation and the error calculation, the final cluster radius is

selected by trial and error basis. The performance of the model

at different cluster radii is given in Table 1. From Table 1, it is

observed that at 0.45 cluster radius, the training shows better

results and at 0.35 cluster radius, the testing result is better. If

we compare both radii, then there is no large difference in

error between the two cluster radii for training. Hence, a 0.35

cluster radius is selected for 1 hour lead time to forecast. In

this way, the cluster radius is selected for a higher forecast

horizon also.

In the ANFIS model development, the premise parameters

(the shape of the member functions (MFs)) are optimized using

the back propagation (gradient descent) algorithm and conse-

quent parameters are optimized using the least-square technique.

Gaussian MFs are selected for the model and input space parti-

tioning is carried out using the SC algorithm. ANFIS makes

use of a mixture of back propagation (to learn the premise par-

ameters) and the least mean square estimation (to determine

the consequent parameters). The ANFIS model structure has

been identified by changing the cluster radius from 0.1 to 1 at

an increment of 0.05 (similar to FIS) and a model performance

is estimated. After several trails, the cluster radius is fixed as

0.35 for a 1 hour lead forecasting and optimal number of rules

corresponding to 0.35 is 7.

As discussed, an ANN model which uses the LM training

algorithm has been developed for the same input data used for

the development of FIS and ANFIS models. Single hidden

layer with log-sigmoid function nodes is used in the ANN. The

linear activation function is considered in the output layer. As

the log-sigmoid transfer function has been used in the model,

the input–output data have been scaled appropriately to fall

within the function limit. The trial and error procedure started

with two hidden neurons initially, and the number of hidden

neurons was increased up to 10 with a step size of 1 in each

trial. For each set of hidden neurons, the network was trained

in batch mode to minimize the mean square error at the output

layer. The training was stopped when there was no significant

improvement in the efficiency, and the model was then tested

for its generalization properties. The parsimonious structure

that resulted in minimum error and maximum efficiency during

training as well as testing was selected as the final form of the

ANN model. The learning rate and momentum factor are fixed

as 0.01 and 0.1, respectively, after several experiments. The

final structure of the ANN model is: 16 input neurons, 9

hidden neurons and 1 output neuron.

Figure 2 Basin map of river Narmada up to Bargi reservoir.
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6.2 Evaluation of selected models

The values of the performance indices for the 1 hour ahead fore-

cast of all three models are presented in Table 2. It is observed

from the table that correlation statistics, which evaluate the

linear correlation between the observed and computed runoff,

is consistent for all models during calibration as well as the vali-

dation period. It is seen from the table that during testing, the cor-

relation coefficient is 0.996 for the ANN model and 0.997 for the

other two models. The model efficiency that evaluates the capa-

bility of the model in predicting runoff values away from the

mean is found to be more than 99% during the calibration and

validation periods for all models. The RMSE statistic, which

indicates a measure of the model error in units of the variable,

is good for all models as is evident from the low values.

During model testing, ANFIS predicts 31.35 m3/s RMSE and

FIS prediction is also very close to ANFIS (31.81m3/s).

Overall, for a 1-hour ahead forecast, the performance of all the

models is comparable, but the RMSE estimated by the ANN

model is slightly higher than the other two models. From

Table 2, it is found that ANFIS estimated the lowest error

(MAE and MARE indices) compared to ANN and FIS models

during the training and testing period. It may be noted that

ANFIS has seven rules and FIS has eight rules for a 1 hour

lead forecasting. Though there is reduction in the number of

rules, ANFIS results in similar performance as that of FIS.

6.3 Forecasting at higher lead time (.1 hour)

The values of global evaluation measures during the calibration

and validation period for three models along the different fore-

cast horizon are summarized in Table 3. The predicted value

from the FIS model up to 6 hour lead time is presented in

Table 3, and it is observed that the model efficiency is more

than 90%. It is also observed that the RMSE value increases as

the forecast hour increases. The RMSE value increases from

31.81 to 150.50 m3/s for the validation period. In Table 3, a

number of rules generated by the clustering method is also pre-

sented. It is found that the RMSE value for the ANFIS model

ranges from 31.35 to 148.81 m3/s. The rules generated in the

ANFIS models for a higher lead hour are quite less as compared

with the FIS model due to the hybrid algorithm used in the optim-

ization of flood forecasting. It is observed that for a 1-hour ahead

forecast, the performance of all the models is comparable.

However, it is worth mentioning that as the lead time increases,

the ANFIS model has the lowest RMSE compared to the FIS and

ANN model. From Table 3, it is found that during training, the

performance indices of all the three models declines as lead

time increases. The RMSE obtained during training lies in the

range of 39.45–213.70 m3/s for FIS. FIS shows the highest

RMSE for a 6 hour lead time during the training period

(213.70 m3/s).

ANN shows comparatively a less error during training

because of the vigorous learning of the training pattern. From

Table 3, it is observed that ANN predicts 332.29 m3/s RMSE

at a 6 hour lead time during the validation period. The perform-

ance of ANFIS and FIS are quite close to each other and it is hard

to decide which model is the best one for the flood forecasting.

Again, from the efficiency statistics, it is observed that the

ANN model performance is very poor (40.91%) at a 6 hour

lead time as compared to the other two models.

In order to reinforce the observation and findings, MARE

indices are estimated for a 1–6 hour lead time forecasting for

three developed models and results are presented in Table 3. It

Table 1 Performance indices for FIS for different cluster radius for 1 hour lead forecasting.

Cluster radius Rules

Training Testing

CORR EFF (%) RMSE (m3/s) MAE (m3/s) CORR EFF (%) RMSE (m3/s) MAE (m3/s)

0.5 4 0.998 99.74 38.45 7.18 0.997 99.47 31.59 6.45

0.45 5 0.998 99.77 35.74 7.19 0.997 99.44 32.43 6.79

0.4 5 0.998 99.69 41.61 7.29 0.996 99.22 38.28 7.07

0.35 8 0.998 99.72 39.55 7.18 0.997 99.47 31.35 6.58

Table 2 Statistical indices for different models for 1 hour lead forecasting.

Performance indices
Training Testing

FIS ANFIS ANN FIS ANFIS ANN

CORR 0.998 0.998 0.998 0.997 0.997 0.996

EFF (%) 99.72 99.72 99.63 99.46 99.47 99.07

RMSE (m3/s) 39.45 39.54 45.32 31.81 31.35 41.78

MAE (m3/s) 7.18 6.23 22.53 6.58 6.54 20.33

MARE 0.017 0.015 0.079 0.026 0.026 0.084
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Table 3 Performance indices for higher lead forecast.

Models Lead time Cluster radius Number of rules

Training Testing

CORR EFF (%) RMSE (m3/s) MARE CORR EFF (%) RMSE (m3/s) MARE

FIS 1 0.3 8 0.999 99.72 39.45 0.017 0.997 99.46 31.81 0.026

2 0.3 8 0.995 99.02 74.28 0.030 0.993 98.47 53.48 0.050

3 0.3 8 0.991 98.01 105.79 0.043 0.986 97.08 73.86 0.073

4 0.5 4 0.982 96.08 148.3 0.058 0.975 94.91 97.53 0.097

5 0.45 5 0.974 94.69 172.68 0.072 0.96 91.91 122.92 0.123

6 0.3 7 0.961 91.86 213.7 0.087 0.94 87.88 150.5 0.156

ANFIS 1 0.35 7 0.999 99.72 39.55 0.015 0.997 99.47 31.35 0.026

2 0.5 4 0.996 99.16 68.81 0.027 0.993 98.55 51.98 0.049

3 0.4 5 0.992 98.41 94.5 0.039 0.986 96.91 75.93 0.072

4 0.4 5 0.988 97.5 118.5 0.053 0.975 94.75 99.02 0.089

5 0.35 5 0.977 95.19 164.29 0.062 0.967 93.29 111.97 0.118

6 0.4 5 0.971 94.19 180.58 0.067 0.942 88.15 148.81 0.152

ANN 1 0.998 99.63 45.32 0.079 0.996 99.07 41.78 0.084

2 0.995 98.48 92.32 0.050 0.991 98.08 59.96 0.065

3 0.99 97.77 111.84 0.045 0.981 96.32 82.89 0.116

4 0.995 98.98 75.52 0.049 0.959 91.32 127.35 0.153

5 0.983 96.68 136.55 0.059 0.921 78.94 198.36 0.167

6 0.994 96.68 186.14 0.074 0.827 40.91 332.29 0.176 H
ierarchical

neurofuzzy
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is interesting to note that for a 1-hour ahead forecast, the per-

formance of all the models is equal, but when the lead time

increases, the ANFIS performance is superior compared to the

other two models. It may be noted that ANFIS estimated

MARE as 0.67 whereas ANN and FIS estimated 0.074 and

0.87, respectively.

Scatter plots between observed and computed flows for 1, 3

and 6 hour lead forecasting are presented in Figure 3. From

Figure 3, it is observed that ANFIS and FIS show a close

match between observed and predicted values for a 1 hour lead

forecasting. As the lead time increases, the model performance

decreases, but ANFIS estimates the full range of flow very accu-

rately in different forecast horizons and most of the flow tend to

fall close to the 458 line compared to other two models, thus

showing a good agreement between observed and forecasted

flows. ANN predicted values deviate significantly from the

observed values. Large numbers of points are away from the

linear fit line which shows a poor match between observed and

predicted values.

The distribution of relative errors by all models during the

validation period for a one hour lead forecasting is presented

in Figure 4 from which it is evident that the ANFIS performs

better than the other two models.

6.4 Performance of models in peak prediction

The global error statistics provide relevant information on the

overall performance of the models, but do not provide specific

information about model performance at high flow, which is of

critical importance in a flood forecasting context. Hence, the

three peak events are randomly selected from the validation

data sets for further analysis. The percentage error in the pre-

dicted peak flow and the time gap between the predicted and

observed peak flows are calculated.

The percentage error in peak for the three most severe flood

events predicted by the three models is presented in Table 4.

Table 4 reveals that for each scenario, all the three models over-

estimated the peak flow. The highest peak that occurred within

Figure 3 Scatter plots for 1-, 3- and 6-hour lead forecast for ANFIS, FIS and ANN models during validation period.
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Figure 4 Observed and computed plot for peak flow event during 1 hour lead forecasting.

Table 4 Percentage error in peak for three most severe peak flood (validation year 1992–1993).

Forecast hour Models 4354.5 (m3/s) 3379.3 (m3/s) 2569.39 (m3/s)

1-hour FIS 2.02 10.36 1.68

ANFIS 1.14 9.42 2.37

ANN 14.43 3.55 9.36

3-hour FIS 6.1 19.87 18.1

ANFIS 11.3 14.01 7.89

ANN 5.16 26.32 12.10

6-hour FIS 3.83 21.82 52.84

ANFIS 11.34 12.86 34.48

ANN 89.23 94.34 72.67

Hierarchical neurofuzzy model 11
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the validation period, i.e. 4354.5 m3/s was estimated with less

than 3% error by ANFIS and FIS at 1 hour lead time. For a

6 hour lead time, FIS and ANFIS predicted with an error less

than 5–12%, respectively, but ANN performance in both lead

hours is inferior to ANFIS and FIS. It can be observed that

ANN can predict higher peak flow values with less error for

lower forecast lead hours.

Figure 5 shows the forecasted residuals for a full range of flow

at a 1 hour lead time for the three models. It is observed that the

major errors for all the models are near the peak flow region of

the hydrograph. It is found that the accuracy decreases for the

ANN and FIS models; however, ANFIS estimated the peak

flow characteristics better than other two models as the magni-

tude of error is very less compared to ANN and FIS models.

For the comparison of performance among the three models,

the distribution of errors for different ranges of flow is calculated.

The total validation period of flow is divided into low, medium

and high magnitude flows. The partition of data sets is carried

out as (a) low flow (x , m), (b) medium flow (m ≤ x ≤
m+2s) and c) high flow (x . m + 2s), where x ¼ the

number of data points, m ¼ average of the observed discharge

and s ¼ standard deviation of the observed discharge.

Figure 5 Forecast error plot for 1 hour lead forecast during validation period.
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Table 5 Threshold statistics for different models during validation period (1992–1993).

1 hour lead 3 hour lead 6 hour lead

FIS ANFIS ANN FIS ANFIS ANN FIS ANFIS ANN

Low flow

TS1 38.87 42.54 16.42 14.41 21.18 14.75 11.62 9.36 8.76

TS5 84.77 84.56 79.86 49.18 75.21 69.44 53.48 50.87 37.13

TS10 95.88 93.54 81.22 67.88 89.67 88.94 78.11 78.55 65.28

TS20 99.39 96.64 96.77 92.67 97.34 96.99 93.55 92.38 79.60

Medium flow

TS1 28.84 27.68 18.21 8.83 9.54 8.53 4.92 5.91 3.22

TS5 83.47 82.89 67.28 43.29 37.99 48.81 25.76 23.99 20.51

TS10 94.94 95.13 89.04 70.63 66.27 73.38 49.66 48.82 38.13

TS20 97.98 97.82 97.3 89.47 89.27 89.59 74.58 72.47 66.10

High flow

TS1 27.94 27.41 7.35 10.14 8.03 6.85 2.96 4.17 4.12

TS5 75.74 76.3 43.38 32.61 30.66 30.14 17.04 13.04 14.43

TS10 88.97 90.37 76.7 57.97 54.74 47.26 26.67 26.81 28.86

TS20 96.32 97.04 96.9 83.33 81.75 78.77 55.56 60.87 41.24
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Number of data points in low, medium and high flow is 3207,

596 and 147, respectively. The threshold statistic for a level of

x% is a measure of the consistency in forecasting errors from a

particular model. The threshold statistics are represented as

TSx and expressed as a percentage. This criterion can be

expressed for different levels of absolute relative error from the

model. It is expressed in x% level (TL) as, TSx = (Yx/n)∗100,

where Yx is the number of computed stream flows (out of n

total computed) for which the absolute relative error is less

than x% for the model. Threshold statistics for different ranges

of flow, computed from all the three models are presented in

Table 5 for comparison.

6.4.1 Low flow

It can be observed from Table 5 that the three models show com-

parable performance in the low flow range. At a 1 hour lead fore-

cast, ANFIS and FIS models show more than 80% of low flow

are within a 5% relative error. However, the distribution of

error is seen to be better for the ANFIS model in the low flow

range as 42.54% of the low flow counts are predicted within a

1% relative error compared to 38.87% for FIS. At a 6 hour

lead forecasting, it is observed that FIS counts 11.62% of low

flow within a 1% relative error. During a 3 hour forecast, the

ANN seems to be better than FIS as 69.44% of the low flow

counts are within a 5% relative error.

6.4.2 Medium flow

In case of medium flow, FIS and ANFIS models are found to be

more efficient than ANN. For a 1 hour lead forecasting within a

1% error, FIS counts 28.84% of medium flow whereas ANFIS

and ANN estimated 27.68 and 18.21%, respectively. For a

higher lead hour (6 hour), the FIS estimated medium flow is

25.76% within a 5% relative error whereas ANFIS estimated

23.99%. At a 3 hour lead forecasting, ANN counts 48.81% of

medium flow within a 5% relative error, which seems to be

better as compared to ANFIS and FIS.

6.4.3 High flow

In case of high flow, again FIS and ANFIS are observed to be

better than ANN. At a 1 hour lead forecasting, ANFIS and FIS

counts 27.41% and 27.94% of flow, respectively, within a 1%

relative error, whereas ANN measures only 7.35% of flow. At

a 6 hour forecasting, it is difficult to predict which model is

better as ANFIS counts 4.17% of high flow within a 1% relative

error and FIS and ANN count 17.04% within a 5% relative error

and 28.86% within a 10% relative error, respectively. From this

analysis, it is difficult to suggest that any specific model is

superior to the other.

A sensitivity analysis was carried out by removing the rainfall

values from the input vector, and the model parameters are re-

estimated. This analysis is performed with the heuristic that as

the upstream runoff values are incorporated into the input

vector, the prediction may not be sensitive to rainfall infor-

mation. Model parameters are again estimated for different

lead times as described earlier. The values of the performance

indices for the 1 hour lead forecast of all three models are pre-

sented in Table 6.

It is observed from the table that correlation statistics is con-

sistent for all models during the calibration as well as the vali-

dation period. Correlation coefficient is more than 0.99 by

three models. The model efficiency is more than 99% during

the calibration and validation periods for all models. ANFIS pre-

dicts 30.02 m3/s RMSE and FIS predicts 32.33 m3/s during the

validation. Overall, for a 1-hour lead forecast, the performance

of all the models is comparable. It is observed that RMSE esti-

mated by all the models is slightly less compared to earlier devel-

oped models where rainfall information was incorporated into

the models (see Table 1). It is worth mentioning that the

RMSE estimated by the ANFIS model is very less and the analy-

sis indicates that the downstream prediction is not sensitive to

rainfall if upstream discharge values are considered in the

input. The consequent parameters are presented in Table 7 and

it is evident from the table that weight associated with the rainfall

is zero. When the rainfall is removed from the input vector, the

model complexity is reduced (in terms of parameters) and the

model performance also improves.

7 Summary and conclusions

This paper addresses the problem of generating if–then rules

from hierarchical fuzzy models where the number of influential

variables is high. In the current study, there are 19 input vari-

ables, hence grid-partitioning techniques cannot be applied to

generate a parsimonious rule set. In the current investigation, a

SC algorithm was used for input space partitioning in fuzzy

and neurofuzzy models, and the developed models were

Table 6 Statistical indices for 1 hour lead forecasting without rainfall.

Training Testing

Performance indices FIS ANFIS ANN FIS ANFIS ANN

CORR 0.9986 0.9988 0.9989 0.9974 0.9978 0.9972

EFF (%) 99.71 99.75 99.73 99.47 99.54 99.40

RMSE (m3/s) 40.36 36.98 38.77 32.33 30.02 34.26
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applied for river flow forecasting using data for the Narmada

River basin in India. An ANN model which uses an LM backpro-

pagation training algorithm has been developed for the same

basin. Five years monsoon season rainfall and discharge data

(1989–1993) were used for the analysis. The relative perform-

ance of these models was comprehensively evaluated using

various statistical indices. It is observed that the neurofuzzy

model performs better compared to the ANN and FIS models

in estimating the hydrograph characteristics, especially at

longer forecast time horizons. It is found that the use of a less

number of if–then rules in the neurofuzzy model can accurately

model the rainfall–runoff dynamics compared to FIS model

which uses the same partitioning algorithm for the rule gener-

ation. The ANFIS model is able to capture the inherent nonli-

nearity in the rainfall runoff process better than the other two

models, and is able to forecast flows satisfactorily up to

6 hours in advance. A very close fit is obtained between com-

puted and observed flows up to 1 hour in advance for all

models, but the ANFIS and FIS models tend to preserve this per-

formance at longer lead times. The neurofuzzy models were able

to predict hydrograph characteristics such as peak flow and time

to peak better than the ANN and fuzzy models. It was found that

the highest peak flow (4354.5 m3/s) was estimated with less then

3% error by the ANFIS and FIS models at 1 hour lead time, but

the ANN predicted 14.43% error in the peak flow. At a 6 hour

lead time, the FIS and ANFIS predicted flows with an error

less than 5–12%, respectively, but the ANN performance was

not comparable. It was also found that ANFIS outperformed

the other models in estimating MARE indices at longer lead

time. This study also suggests that simpler models with only

runoff values in the input vector for continuous river-flow simu-

lation can perform better than their complex counterparts that use

a number of influencing variables as input. A sensitivity analysis

was carried out by removing the rainfall from input vector and it

was observed that there were no large differences in the model

performance.
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