
A neuro-fuzzy computing technique for modeling

hydrological time series

P.C. Nayaka,*, K.P. Sudheerb,1, D.M. Ranganc,2, K.S. Ramasastrid,3

aScientist, Deltaic Regional Centre, National Institute of Hydrology, Kakinada-533-003, India
bDepartment of Civil Engineering, Indian Institute of Technology Madras, Chennai-600036, India
cTech Gr. II, Deltaic Regional Centre, National Institute of Hydrology, Kakinada-533-003, India

dDirector, National Institute of Hydrology, Roorkee-247-667, India

Received 29 October 2002; revised 10 November 2003; accepted 10 December 2003

Abstract

Intelligent computing tools such as artificial neural network (ANN) and fuzzy logic approaches are proven to be efficient

when applied individually to a variety of problems. Recently there has been a growing interest in combining both these

approaches, and as a result, neuro-fuzzy computing techniques have evolved. This approach has been tested and evaluated in the

field of signal processing and related areas, but researchers have only begun evaluating the potential of this neuro-fuzzy hybrid

approach in hydrologic modeling studies. This paper presents the application of an adaptive neuro fuzzy inference system

(ANFIS) to hydrologic time series modeling, and is illustrated by an application to model the river flow of Baitarani River in

Orissa state, India. An introduction to the ANFIS modeling approach is also presented. The advantage of the method is that it

does not require the model structure to be known a priori, in contrast to most of the time series modeling techniques. The results

showed that the ANFIS forecasted flow series preserves the statistical properties of the original flow series. The model showed

good performance in terms of various statistical indices. The results are highly promising, and a comparative analysis suggests

that the proposed modeling approach outperforms ANNs and other traditional time series models in terms of computational

speed, forecast errors, efficiency, peak flow estimation etc. It was observed that the ANFIS model preserves the potential of the

ANN approach fully, and eases the model building process.

q 2004 Elsevier B.V. All rights reserved.
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1. Introduction

Time series modeling for either data generation or

forecasting of hydrologic variables is an important

step in the planning and operational analysis of water

resources. Traditionally, autoregressive moving

average (ARMA) models have been used for

modeling water resource time series because such

models are accepted as a standard representation of
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stochastic time series (Maier and Dandy, 1997).

However, such models do not attempt to represent

the non-linear dynamics inherent in the hydrologic

process, and may not always perform well (Tokar and

Johnson, 1999). Time series analysis requires

mapping complex relationships between input(s) and

output(s), since the forecasted values are mapped as a

function of observed patterns in the past. Owing to the

difficulties associated with non-linear model structure

identification and parameter estimation, very few

truly non-linear system theoretic hydrologic models

have been reported (e.g. Jacoby, 1966; Amorocho and

Brandstetter, 1971; Ikeda et al., 1976). In most cases,

linearity or piecewise linearity has been assumed

(Natale and Todini, 1976a,b). Recently a growing

interest in the modeling of nonlinear relationships has

developed and a variety of test procedures for

detecting the nonlinearities have evolved (Anders

and Korn, 1999). If the aim of analysis is prediction,

however, it is not sufficient to uncover the

nonlinearities. One needs to describe them through

an adequate nonlinear model. 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 particular difficulty makes it attractive to

consider an ‘atheoretical’ but flexible class of

statistical models (Anders and Korn, 1999).

Artificial neural networks (ANN) are essentially

semi-parametric regression estimators and are well

suited for this purpose, as they can approximate

virtually any (measurable) function up to an arbitrary

degree of accuracy (Hornik et al., 1989). A significant

advantage of the ANN approach in system modeling

is that one need not have a well-defined physical

relationship for systematically converting an input to

an output. Rather, all that is needed for most

networks is a collection of representative examples

(input–output pairs) of the desired mapping. The

ANN then adapts itself to reproduce the desired output

when presented with training sample input. The

emergence of neural network technology has provided

many promising results in the field of hydrology and

water resources simulation. A comprehensive review

of the application of ANN to hydrology can be found

in the findings of the ASCE task committee (2000a,b).

Another soft computing technique, which has

very recently received attention in hydrology, is

the fuzzy-rule based approach in modeling.

First introduced by Zadeh (1965), fuzzy logic and

fuzzy set theory are employed to describe human

thinking and reasoning in a mathematical framework.

Fuzzy-rule based modeling is a qualitative modeling

scheme where the system behavior is described using

a natural language (Sugeno and Yasukawa, 1993).

The last decade has witnessed a few applications of a

fuzzy logic approach in water resources forecasting

(Fujita et al., 1992; Zhu and Fujita, 1994; Zhu et al.,

1994; Stuber et al., 2000; See and Openshaw, 2000;

Hundecha et al., 2001; Xiong et al., 2001).

These intelligent computational methods offer real

advantages over conventional modeling, including the

ability to handle large amounts of noisy data from

dynamic and nonlinear systems, especially when the

underlying physical relationships are not fully

understood. Each of these techniques is proven to be

effective when used on their own. However, when

combined together, the individual strengths of each

approach can be exploited in a synergistic manner for

the construction of powerful intelligent systems.

In recent years, the integration of neural networks

and fuzzy logic has given birth to new research into

neuro-fuzzy systems. Neuro-fuzzy systems have the

potential to capture the benefits of both these fields in

a single framework. Neuro-fuzzy systems eliminate

the basic problem in fuzzy system design (obtaining a

set of fuzzy if-then rules) by effectively using the

learning capability of an ANN for automatic fuzzy

if-then rule generation and parameter optimization.

As a result, those systems can utilize linguistic

information from the human expert as well as

measured data during modeling. Such applications

have been developed for signal processing, automatic

control, information retrieval, database management,

computer vision and data classification (e.g. Jang,

1993). However, there is little discussion in the

literature of more pragmatic hydrologic applications

of this hybrid computing system.

The major objective of this paper is to investigate

the potential of neuro-fuzzy systems in modeling

hydrologic time series and to assess its performance

relative to ANN and other traditional time series

modeling techniques such as ARMA. The underlying

principle and the neuro-fuzzy computing architecture

are also discussed. The applicability of the method is
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demonstrated by modeling river flow for an Indian

basin.

2. Neuro-fuzzy model

Neuro-fuzzy modeling refers to the way of

applying various learning techniques developed in

the neural network literature to fuzzy modeling or to a

fuzzy inference system (FIS). The basic structure of a

FIS consists of three conceptual components:

a rulebase, which contains a selection of fuzzy rules;

a database which defines the membership functions

(MF) used in the fuzzy rules; and a reasoning

mechanism, which performs the inference procedure

upon the rules to derive an output (see Fig. 1). FIS

implements a nonlinear mapping from its input space

to the output space. This mapping is accomplished by

a number of fuzzy if-then rules, each of which

describes the local behavior of the mapping.

The parameters of the if-then rules (referred to as

antecedents or premises in fuzzy modeling) define a

fuzzy region of the input space, and the output

parameters (also consequents in fuzzy modeling)

specify the corresponding output. Hence, the

efficiency of the FIS depends on the estimated

parameters. However, the selection of the shape of

the fuzzy set (described by the antecedents)

corresponding to an input is not guided by any

procedure (Ojala, 1995). But the rule structure of a

FIS makes it possible to incorporate human expertise

about the system being modeled directly into the

modeling process to decide on the relevant inputs,

number of MFs for each input, etc. and the

corresponding numerical data for parameter

estimation. In the present study, the concept of the

adaptive network, which is a generalization of

the common backpropagation neural network, is

employed to tackle the parameter identification

problem in a FIS.

An adaptive network is a multi layered feed

forward structure whose overall output behavior is

determined by the value of a collection of modifiable

parameters. More specifically, the configuration of an

adaptive network is composed of a set of nodes

connected through directional links, where each node

is a process unit that performs a static node function

on its incoming signal to generate a single node

output. The node function is a parameterized function

with modifiable parameters. It may be noted that links

in an adaptive network only indicate the flow direction

of signals between nodes and no weights are

associated with these links. Readers are referred to

Brown and Harris (1994) for more details on adaptive

networks. Jang (1993) introduced a novel architecture

and learning procedure for the FIS that uses a neural

network learning algorithm for constructing a set of

fuzzy if-then rules with appropriate MFs from the

stipulated input–output pairs. This procedure of

developing a FIS using the framework of adaptive

neural networks is called an adaptive neuro fuzzy

inference system (ANFIS).

2.1. ANFIS architecture

The general structure of the ANFIS is presented in

Fig. 2. Selection of the FIS is the major concern when

designing an ANFIS to model a specific target system.

Various types of FIS are reported in the literature

(e.g. Mamdani and Assilian, 1975; Tsukamoto, 1979;

Takagi and Sugeno, 1985) and each are characterized

by their consequent parameters only. The current

study uses the Sugeno fuzzy model (Takagi and

Sugeno, 1985; Sugeno and Kang, 1988) since

Fig. 1. Fuzzy Inference System with crisp output.
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the consequent part of this FIS is a linear equation and

the parameters can be estimated by a simple least

squares error method.

For instance, consider that the FIS has two inputs

x and y and one output z: For the first order Sugeno

fuzzy model, a typical rule set with two fuzzy if-then

rules can be expressed as:

Rule 1 : If x is A1 and y is B1; then f1

¼ p1x þ q1y þ r1 ð1Þ

Rule 2 : If x is A2 and y is B2; then f2

¼ p2x þ q2y þ r2 ð2Þ

where A1; A2 and B1; B2 are the MFs for inputs x and y;

respectively; p1; q1; r1 and p2; q2; r2 are the

parameters of the output function. Fig. 2(a) illustrates

the fuzzy reasoning mechanism for this Sugeno model

to derive an output function ðf Þ from a given input

vector ½x; y�:

The corresponding equivalent ANFIS architecture

is presented in Fig. 2(b), where nodes of the same

layer have similar functions. The functioning of the

ANFIS is as follows:

Layer 1: Each node in this layer generates

membership grades of an input variable. The node

output OP1
i is defined by:

OP1
i ¼ mAi

ðxÞ for i ¼ 1; 2 or ð3Þ

OP1
i ¼ mBi22

ðyÞ for i ¼ 3; 4 ð4Þ

where x (or y) is the input to the node; Ai (or Bi22) is a

fuzzy set associated with this node, characterized by

the shape of the MFs in this node and can be any

appropriate functions that are continuous and

piecewise differentiable such as Gaussian, generalized

bell shaped, trapezoidal shaped and triangular shaped

functions. Assuming a generalized bell function as the

MF, the output OP1
i can be computed as,

OP1
i ¼ mAi

ðxÞ ¼
1

1 þ
x 2 ci

ai

� �2bi
ð5Þ

where {ai; bi; ci} is the parameter set that changes the

shapes of the MF with maximum equal to 1 and

minimum equal to 0.

Fig. 2. (a) Fuzzy inference system. (b) Equivalent ANFIS architecture.
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Layer 2: Every node in this layer multiplies

the incoming signals, denoted as
Q

, and the output

OP2
i that represents the firing strength of a rule is

computed as,

OP2
i ¼ wi ¼ mAi

ðxÞmBi
ðyÞ; i ¼ 1; 2: ð6Þ

Layer 3: The ith node of this layer, labeled as N;

computes the normalized firing strengths as,

OP3
i ¼ wi ¼

wi

w1 þ w2

; i ¼ 1; 2 ð7Þ

Layer 4: Node i in this layer computes the

contribution of the ith rule towards the model output,

with the following node function:

OP4
i ¼ wifi ¼ wiðpix þ qiy þ riÞ ð8Þ

where w is the output of layer 3 and {pi; qi; ri} is the

parameter set

Layer 5: The single node in this layer computes the

overall output of the ANFIS as:

OP5
1 ¼ Overall output ¼

X
i

wifi ¼

X
i

wifi

X
i

wi

ð9Þ

2.2. Estimation of parameters

The parameters for optimization in an ANFIS are

the premise parameters {ai; bi; ci}; which describe the

shape of the MFs, and the consequent parameters

{pi; qi; ri}; which describe the overall output of the

system. The basic learning rule of an adaptive

network, the backpropagation algorithm (Rumelhart

et al., 1986), which is based on the gradient descent

rule, can be successfully applied to estimate these

parameters. However, Jang (1991) argues that the

gradient descent method is generally slow and is

likely to get trapped in local minima. Jang has

proposed a faster learning algorithm, which

combines the gradient descent method and the least

squares estimate (LSE) to identify parameters, as

described below:

The adaptive network has one output and is

assumed to be

output ¼ Fð~I; SÞ; ð10Þ

where ~I is the set of input variables and S is the set of

parameters. If there exists a function H such that the

composite function H+F is linear in some of

the elements of S; then these elements can be

identified by the least squares method. More formally,

if the parameter set S can be decomposed into two sets

S ¼ S1%S2; ð11Þ

(where % represents the direct sum) such that H+F is

linear in the element S2; then applying H to Eq. (10),

we have

HðoutputÞ ¼ H+Fð~I; SÞ ð12Þ

which is linear in the elements of S2: Now given

values of elements of S1; the P training data can be

plugged into Eq. (12) to obtain the matrix equation:

AX ¼ B ð13Þ

where X is the unknown vector whose elements are

parameters in S2: Let lS2l ¼ M; then the dimensions of

A; X and B are P £ M; M £ 1 and P £ 1; respectively.

Since P (number of training data pairs) is usually

greater than M (number of linear parameters), this is

an over-determined problem and generally there is no

exact solution to Eq. (13). However, a LSE of X can

be sought that minimizes the squared error kAX 2 Bk2:
From the ANFIS architecture presented in Fig. 2 it

is observed that given the values of the premise

parameters, the overall output can be expressed as

linear combinations of consequent parameters. More

precisely, the output f can be rewritten as,

f ¼ w1f1 þ w2f2

¼ ðw1xÞp1 þ ðw1yÞq þ ðw1Þr1 þ ðw2xÞp2

þ ðw2yÞq2 þ ðw2Þr2 ð14Þ

which is linear in the consequent parameters (p1; q1;

r1; p2; q2 and r2). As a result, the total number of

parameters ðSÞ in an ANFIS can be divided into two

such that S1 ¼ set of premise parameters and S2 ¼ set

of consequent parameters. Consequently the hybrid-

learning algorithm, which combines the backpropaga-

tion gradient descent and least squares method, can be

used for an effective search of the optimal parameters

of the ANFIS. More specifically, in the forward pass

of the hybrid learning algorithm, the node output goes

forward until layer 4 and the consequent parameters
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are identified by the least squares method. In the

backward pass, the error signal propagates backwards

and the premise parameters are updated by gradient

descent. As mentioned earlier, the consequent

parameters thus identified are optimal under the

condition that the premise parameters are fixed.

Accordingly, the hybrid approach converges much

faster since it reduces the dimension of the search

space of the original back-propagation method.

A detailed description of this algorithm can be

found in Jang and Sun (1995).

2.3. Defuzzification

It may be noted that the basic ANFIS takes either

fuzzy inputs or crisp inputs, but the overall outputs are

fuzzy sets. Therefore, a defuzzification strategy is

needed to convert a fuzzy set to a crisp value. The crisp

output is generally obtained using different

defuzzification strategies (Brown and Harris, 1994).

The Takagi-Sugeno approach (Takagi and Sugeno,

1985) that is used in the current investigation,

however, does not have an explicit defuzzification

procedure (Xiong et al., 2001), or rather, it

amalgamates two procedures, the logic decision and

defuzzification procedures into one composite

procedure.

2.3.1. Application of ANFIS to time series modeling

Time series modeling is fundamentally different

from the conceptual modeling and simulation of

systems in several aspects. Although a time series can

be interpreted as an output of a system, it is, by

definition, an output of an unknown system (Lopez et al.,

1996). Neither the system characteristics nor the input

functions are known a priori, and consequently time

series analysis must content itself with estimating

future output values by means of extrapolation from

their own past. This can be addressed in two ways:

by using the available information to generate a time

series that preserve the statistical properties of the

original series or by using known values at each time

step to make a forecast in more of an updating

approach. The current analysis considered the latter

approach. In the present study the potential of an

ANFIS model has been investigated for time series

modeling of river flow of Baitarani river basin (Fig. 3)

in Orissa state of India. The River Baitarani, one of

the major rivers of the Orissa State in India, drains an

area of 14,218 km2 to the Bay of Bengal. The average

annual rainfall is 1187 mm. The rainfall received in

the basin is mainly from the south-west monsoon and

lasts from June to October. Nearly 80% of the annual

precipitation occurs during these months and it brings

heavy flow and creates havoc in lower reaches during

the monsoon season. This necessitates an efficient

flood forecasting system in the basin. Sudheer et al.

(2000) have done a comprehensive study on

developing a flood forecasting system for the basin

and they have developed an ANN model for this

purpose. They have reported that there is room for

further improving the forecasts as the ANN was not

able to match the peak flows effectively. This provided

an impetus to develop an ANFIS model for the basin

and investigate its potential. Daily values of flow for a

continuous period of 24 years (1972–1995) at

Anandapur gauging site were available and have

been used in the current study.

3. Model development and testing

There are no fixed rules for developing an ANFIS,

even though a general framework can be followed

based on previous successful applications in

engineering. The goal of an ANFIS is to generalize

a relationship of the form:

Ym ¼ f ðXnÞ ð15Þ

where Xn is an n-dimensional input vector consisting

of variables x1;…; xi;…; xn; Ym is an m-dimensional

output vector consisting of the resulting variables of

interest y1;…; yi;…; ym: In the flow modeling, values

of xi may include runoff and any other exogenous

variables at various time lags, and the value of yi is

generally the flow during subsequent periods. How-

ever, the number of antecedent values to include in the

vector Xn is not known a priori. A firm understanding

of the hydrologic system under consideration plays an

important role in the successful implementation of

ANFIS. This helps in avoiding loss of information that

may result if key input variables are omitted, and also

prevents inclusion of spurious input variables that

tend to confuse the training process.

In the ANFIS development the selection of

appropriate input variables is important since it
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provides the basic information about the system being

modeled. In addition to the antecedent inflow values,

exogenous input variables such as precipitation,

evaporation etc. might have an influence on daily

river flows. However, in the current study, the problem

has been addressed in a univariate time series

approach without exogenous input variables.

The parameters that need to be selected in the input

vector, hence, are the number of runoff values at

different time lags that can best represent the time

series by an ANFIS model. Determining the number

of runoff values involves finding the lags of runoff that

have significant influence on the predicted flow.

Sudheer et al. (2002a) suggested a statistical

procedure for identifying the appropriate input vector

for a model. However, their approach, which is based

on cross-, auto-, and partial auto-correlation

properties of the series, relies on the linear relation-

ship between the variables, and the effect of an

additional variable to capture any nonlinear residual

dependencies is not assessed in the procedure.

Consequently, the current study analyzed different

combinations of antecedent flow values and the

appropriate input vector has been selected based on

Fig. 3. Basin map of the river Baitarani, India.
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the analysis of residuals. The analysis started with one

antecedent flow in the input vector and an ANFIS

model is constructed. The input vector is then

modified by successively adding flow at one more

time lag, and a new ANFIS model is developed each

time. The goodness of fit statistics are computed

during training and validation for each ANFIS

model, and the best model is selected based on the

analysis of residuals.

Six ANFIS models were developed during

the analysis with the corresponding input vectors as

follows:

Model 1 xðtÞ ¼ f ðx½t 2 1�Þ

Model 2 xðtÞ ¼ f ðx½t 2 1�x½t 2 2�Þ

Model 3 xðtÞ ¼ f ðx½t 2 1�x½t 2 2�x½t 2 3�Þ

Model 4 xðtÞ ¼ f ðx½t 2 1�x½t 2 2�x½t 2 3�x½t 2 4�Þ

Model 5 xðtÞ ¼ f ðx½t 2 1�x½t 2 2�x½t 2 3�x½t 2 4�

x½t 2 5�Þ

Model 6 xðtÞ ¼ f ðx½t 2 1�x½t 2 2�x½t 2 3�x½t 2 4�

x½t 2 5�x½t 2 6�Þ

where xðtÞ corresponds to the river flow at time t:

The number of MFs assigned to each input of the

ANFIS was initially set to two. The input data are

scaled so as to lie in the range of zero to one as

suggested by Masters (1993), since the MFs of the

ANFIS takes values between zero and one. The values

of root mean squared error (RMSE) are used here as

the index to check the ability of a model. However, a

model with a minimum RMSE may not be sufficient

to eliminate the uncertainty in model structure choice

(Sudheer et al., 2002b). Therefore, an alternative

model selection method called ‘cross validation’

(Stone, 1974; Eforn and Tibshirani, 1993) is

employed for model selection. It may be noted that

the uncertainty is not completely removed by cross

validation. The motivation of this model selection

procedure is the principle that adding model

complexity need not result in a better description of

an underlying function due to increasing estimation

errors. In order to find an approximate degree of

complexity, it is appealing to compare the prediction

errors of different model specifications. Such

prediction errors are obtained by dividing the sample

into M subsets (M ¼ 4 in the present case), which

contain n observations each. The model is repeatedly

re-estimated, leaving out one different subset each

time. The average RMSE on the M subsets that have

been left out defines the cross validation error, and the

model structure that gives the minimum value for the

error is considered to be the best fit.

The best fit model identified was trained using 6,

12 and 18 years of data and validated using the data

for the period 1990–1995, to assess the influence of

length of training data on the generalization properties

of the model. Various MFs for the ANFIS structure

were used to demonstrate the effect of choice of MF

on the model performance. The resulting hydrograph

was analyzed statistically using various performance

indices. The goodness of fit statistics considered are

the RMSE between the computed and observed

runoff, the coefficient of correlation (CORR) and the

model efficiency (EFF).

In most traditional statistical models, the data have

to be normally distributed before the model

coefficients can be estimated efficiently. If the data

are not normally distributed, suitable transformations

to normality have to be applied. However, Raman and

Sunilkumar (1995) reported that good results could be

obtained by using real world observations directly

(i.e. without normalizing and standardizing the data

prior to input). Until recently many researchers,

when developing soft computing models, have not

addressed this issue. Fortin et al. (1997) argue that it is

unlikely that the model can account for the trends in

the data, since they are unable to extrapolate beyond

the range of data used for training as reported by

Minns and Hall (1996). However, this heuristic is not

confirmed by empirical trials (Faraway and Chatfield,

1998). In the current application, this issue is

investigated by comparing the models developed on

transformed (into normal domain) and non-trans-

formed data prior to input to the models.

4. Results and discussions

The average cross validation error for different

model structures considered is presented in Table 1.

It may be noted that the results presented in Table 1

are for the models trained using raw data (non-

transformed, but scaled). From Table 1, it is apparent

that all of the models performed similarly as the

average cross validation RMSE does not vary

significantly. However, the models showed

significant variations in the average cross validation
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efficiency (a minimum of 43.37% for Model 6 to a

maximum of 59.38% for Model 2). Model 2, which

consists of two antecedent flows in input, showed the

highest efficiency and the minimum RMSE, and it is

selected as the best-fit model for describing the time

series of river flow in the Baitarani basin. The trained

Model 2 consists of four fuzzy if-then rules that

employed the fuzzy intersection operator.

The goodness of fit statistics on the un-scaled flow

values, during training as well as validation, for all the

models that are trained using 18 years of data

(1972–1989), are presented in Table 2. The RMSE

statistic is a measure of residual variance and is

indicative of the model’s ability to predict high flows.

Considering the magnitude of the peak flow during the

period of study (10339 m3/s), the ANFIS models were

able to compute high flows with reasonable accuracy,

as can be evidenced by the low RMSE values

(see Table 2). However it is worth noting that all the

models have poor efficiency during training,

suggesting a large amount of unexplained variance

for all the models. These poor efficiencies indicate

that an ANFIS model’s prediction away from the

mean would not be accurate. However, all the models

show good efficiency during validation, indicating

good generalization properties for the ANFIS models.

The annual mean and standard deviation of the

historic flows during the period of study is shown in

Fig. 4. It is evident from Fig. 4 that the flow during the

period of study is highly varying, as there are wide

fluctuations in the mean and standard deviation. It is

observed that in the training data set corresponding to

the period 1972–1989, the number of patterns

containing high flow are significantly less than the

number of patterns containing low and medium flows,

and therefore the parameters estimated based on this

training set have a bias towards the low and medium

flow. It can be observed that the period 1990–1995

consists of relatively low and medium flows, and

consequently all the models exhibited good perform-

ance during validation. It can be observed that the

flows are relatively high during the periods

1972–1977 and 1983–1989. This observation sub-

stantiates the poor performance of the models that are

validated on this period during cross validation

(see Table 1), as these high flows are not contained

in the training set. The performance indices for

Model 2, trained using 6-, 12-, and 18 years of data are

presented in Table 3. The results indicate that Model 2,

trained using only 6 years (1984–1989) of data,

Table 1

Values of cross validation errors and efficiency for different ANFIS models

Period of the left-out subset during training Model number

1 2 3 4 5 6

RMSE 1972–1977 0.0303 0.0294 0.0303 0.0389 0.0392 0.0386

1978–1983 0.0159 0.0161 0.016 0.0161 0.0156 0.0151

1984–1989 0.0297 0.0287 0.0297 0.0356 0.0359 0.0352

1990–1995 0.0187 0.0181 0.0183 0.0183 0.0185 0.0184

Average 0.0237 0.0231 0.0236 0.0272 0.0273 0.0268

EFF 1972–1977 49.97 52.77 49.88 17.56 21.56 18.34

1978–1983 61.06 59.75 60.4 60.05 59.53 56.34

1984–1989 51.03 54.45 51.13 29.91 31.23 30.58

1990–1995 68.45 70.54 69.78 69.85 68.34 68.21

Average 57.63 59.38 57.80 44.34 45.17 43.37

Table 2

Goodness of fit statistics during training and validation period

Training Validation

RMSE EFF CORR RMSE EFF CORR

Model 1 281.77 50.73 0.7123 194.28 68.95 0.8274

Model 2 272.01 54.09 0.7355 187.73 70.55 0.8401

Model 3 270.11 54.73 0.7398 190.22 69.78 0.8354

Model 4 268.61 55.23 0.7432 189.89 69.89 0.8361

Model 5 278.62 51.03 0.7056 192.65 67.56 0.8245

Model 6 279.51 51.68 0.7121 193.52 68.12 0.8312
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shows high RMSE (294.81 m3/s) during training.

It may be noted that the period 1984–1989 contains

the maximum peak flows during the entire study

period, as stated earlier. On the contrary, when this

period is not considered for training (during cross

validation), the model shows training RMSE of only

238.09 m3/s implying the model’s incapability to

reproduce high flows. Nevertheless, the performance

of Model 2, trained on different data lengths is

comparable during validation. It is observed that the

relative variation of the performance indices is not

significant for ANFIS models with different MFs.

Moreover, no significant change is observed during

validation of the models (a change of 0.33% in

efficiency and 0.987 m3/s in RMSE during

calibration). It is observed that by increasing the

number of MFs assigned to each input to the ANFIS,

the model performance does not improve; on

the contrary it increases the model complexity and

parsimony. The foregoing discussions clearly

illustrate the potential of ANFIS in time series

modeling of the river flow. However, it is observed

that unless carefully trained the ANFIS model’s

performance may not be satisfactory.

4.1. Effect of transforming the data

on model performance

A significant observation from the discussed

results is that ANFIS models are able to explain

only 50–60% of the original variance. It is further

observed that the high flow periods in the training data

set significantly affects the performance of the model.

One of the reasons for this may be that the series is

Table 3

Effect on length of calibration data on the performance of ANFIS

Training period Calibration Validation (1990–1995)

RMSE EFF CORR RMSE EFF CORR

6 years (1984–1989) 294.81 52.48 0.74 186.69 70.46 0.74

12 years (1978–1989) 273.70 53.42 0.74 188.55 70.27 0.76

18 years (1972–1989) 272.01 54.09 0.74 187.73 70.55 0.84

Fig. 4. Mean and standard deviation of annual flow of Baitarani river, India.
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highly skewed and shows heteroscedasticity, and the

deterministic components in the time series data are

not removed prior to modeling. The skewness

coefficient of the historic data considered in the

study is 9.45. Therefore, a transformation to reduce

this skewness closer to zero is carried out. Different

transformations are made to the original flow series

and the Wilson-Hilferty transformation is found to fit

well to the given data on the basis of chi-square

statistics for different distributions. The procedure for

a Wilson-Hilferty transformation can be obtained

from Salas et al. (1985).

The Model 2 is re-trained using the transformed

flow series for the period 1972–1989 and validated

Fig. 5. Computed and observed hydrograph during validation period (non-transformed data).

Fig. 6. Computed and observed hydrograph during validation period (transformed data).
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using the data for the period 1990–1995. It is

observed that the model performance is significantly

improved by using transformed data for training.

The model showed a training efficiency of 81.95%

(an increase of 27.86% from model trained with

non-transformed data), and a validation efficiency of

81.55% (a gain of 11%). The correlation coefficient

between the computed and observed flow series

(transformed) are found to be 0.9053 during training

as well as validation. However, the RMSE statistic is

slightly deteriorated by the transformation, but was not

significant (worsened from 272.01 to 279.02 m3/s).

The Model 2 trained with transformed data resulted in

an explained variance of more than 80%. It is

observed that the model performance is consistent

during training and validation implying the elimin-

ation of effect of magnitude of flows. The resulting

hydrographs from Model 2 trained using non-trans-

formed and transformed data are presented in Figs. 5

and 6 respectively. While both the figures clearly

illustrate the performance of the ANFIS model, Fig. 6

indicates the improved performance of the model

compared to a model with non-transformed data.

These results indicate that the performance of an

ANFIS model is improved if the data used for its

development are normally distributed. The improved

performance may have resulted because the mean

square error function is used to optimize the

parameters of the ANFIS structure. However, more

studies using transformed data may be required to

reinforce this conclusion.

5. Comparison with other models

In order to assess the ability of ANFIS models

relative to that of a neural network model, an ANN

model is constructed using the same input parameters

to the ANFIS model 2. The Wilson-Hilferty

transformed flow series is used for training and

validation of ANN. A standard back propagation

algorithm is employed for training, and the hidden

neurons are optimized by trial and error. The final

ANN architecture consists of 2 hidden neurons.

The performances of ANN and ANFIS in terms of

the performance indices are presented in Table 4. The

ANN model is trained using the same training data set

as used for the ANFIS, to enable a direct comparison.

To have a true evaluation of the potential of ANFIS

compared to traditional time series models the

performance of the ANFIS model has also been

compared with that of an ARMA model, and is

presented in Table 4. The details of the ARMA model

can be seen in Sudheer et al. (2002a).

Table 4 suggests that though the performance of

both the ANFIS and the ANN models are similar

during training as well as validation, the ANFIS

shows a slight improvement over the ANN. It is

evident from Table 4 that the ANFIS outperforms

the ARMA model in terms of all performance indices.

A significant improvement is observed for the ANFIS

in the peak flow prediction compared to ANN.

Although both models underestimated the peak flow,

the ANFIS underestimated it by 11.71% as opposed to

34.26% for the ANN. It may be noted that the ANFIS

built on non-transformed data underestimated the

peak flow by 34.50%, and it follows that the

transformation of data into the normal domain

prior to model development also helps improve peak

flow estimation.

It appears that while assessing the performance

of any model for its applicability in forecasting

streamflows, it is not only important to evaluate the

average prediction error but also the distribution of

prediction errors. The statistical performance

evaluation criteria employed so far in this study

are global statistics and do not provide any

information on the distribution of errors.

Therefore, in order to test the robustness of the

model developed, it is important to test the model

using some other performance evaluation criteria

such as average absolute relative error (AARE) and

threshold statistics (TS) (Jain and Indurthy, 2003).

The AARE and TS not only give the performance

index in terms of predicting flows but also the

distribution of the prediction errors.

Table 4

Performance indices for ANFIS, ANN and ARMA models

Model Calibration Validation

RMSE EFF CORR RMSE EFF CORR

ANFIS 0.4362 81.95 0.9053 0.4225 81.55 0.9032

ANN 0.4376 81.83 0.9046 0.4243 81.39 0.9025

ARMA 0.7562 80.96 0.9022 0.7782 80.70 0.9012
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These criteria can be computed as:

AARE ¼
1

n

Xn

i¼1

lREtl in which;

REt ¼
Qo

t 2 Qc
t

Qo
t

100

ð16Þ

where REt is the relative error in forecast at time t

expressed as percentage, Qo
t is the observed

streamflow at time t; and Qc
t is the computed

streamflow at time t; and n is the total number of

testing patterns. Clearly the smaller the value of AARE

is, the better the performance.

The TS for a level of x% is a measure of the

consistency in forecasting errors from a particular

model. The TS 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 computed for the x% level (TL) as:

TSx ¼
Yx

n
100 ð17Þ

where Yx; is the number of computed streamflows

(out of n total computed) for which absolute relative

error is less than x% from the model.

The AARE for the ANFIS model is significantly

lower (18.54%) compared to the ANN (30.86%)

during validation. Hence, an improved AARE without

significant reduction in global evaluation statistics

certainly suggests the potential of the ANFIS

compared to the ANN. In the case of the ANFIS

developed on non-transformed data the AARE is

found to be 31.27% and reinforces the earlier

considerations that a data transformation improves

the ANFIS model performance. Fig. 7 shows the

distribution of errors at different threshold levels for

both the ANFIS and ANN models. It can be observed

from Fig. 7 that about 70% of the forecasted values

are within the 20% error level for the ANFIS as

opposed to 30% for the ANN and this clearly

illustrates the improved performance of the ANFIS

over the ANN.

It may be noted that for an ANN model, the

modeler has to perform a trial and error procedure to

develop the optimal network architecture, while such

a procedure is not required in developing an

ANFIS model. Another feature, which makes the

ANFIS superior to the ANN, is the number of training

epochs required for convergence. In the current study,

the ANFIS model reached convergence in just 20

epochs, while the ANN model took more than 300

epochs, implying considerable savings in compu-

tational time for ANFIS models. The results suggest

that the model building process can be simplified

when an ANFIS model is developed compared to an

ANN, and the ANFIS model preserves the full

potential of ANN models in its performance.

6. Summary and conclusions

In this study, the potential of neuro-fuzzy comput-

ing techniques for modeling hydrological time series

is investigated by developing an ANFIS model for the

river flow of Baitarani basin. An appropriate ANN

model is developed for the same basin for the purpose

of comparing the performance of the ANFIS and

ANN models. It is observed that the ANFIS model is

capable of preserving the statistical properties of the

time series. However, unless carefully trained,

the model might show poor performance. It is found

that the ANFIS also outperforms traditional ARMA

models. The ANFIS preserves the full potential of

ANN models, and simplifies the model building

process. While global evaluation measures were

Fig. 7. Distribution of forecast error for ANFIS and ANN models.
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comparable for both the ANFIS and the ANN model,

the analyses suggest that the ANFIS outperforms the

ANN in terms of distribution of errors. The trial and

error procedure for identifying an appropriate ANN

architecture is eliminated by the ANFIS model, and

the ANFIS models save considerable computational

time. The analyses of the results indicate that the

performance of ANFIS models is significantly

improved if the input data are transformed into the

normal domain prior to model building. The results of

the study are highly encouraging and suggest that an

adaptive neuro-fuzzy approach is viable for modeling

river flow series.
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