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Abstract Accurate flood forecasting is of utmost impor-

tance in mitigating flood disasters. Flood causes severe

public and economic loss especially in large river basins. In

this study, multi-objective evolutionary neural network

(MOENN) model is developed for accurate and reliable

hourly water level forecasting at Naraj gauging site in

Mahanadi river basin, India. The performance of the

developed model is compared with adaptive neuro-fuzzy

inference system (ANFIS) and bootstrap-based neural

network (BNN) models. The performance of the models is

compared in terms of Nash–Sutcliffe efficiency, root mean

square error, mean absolute error and percentage deviation

in peak (D). The performance of the models in forecasting

floods is also evaluated using existing performance evalu-

ation criterion of Central Water Commission, India as well

as a multiple linear regression model. A partitioning

analysis in conjunction with threshold statistics is carried

out to evaluate the performance of the developed models in

forecasting floods for low, medium and high water levels.

It is found that the performance of MOENN and BNN

models is more stable and consistent compared to ANFIS

model. For longer lead times, the performance of MOENN

model is found to be the best, with its performance in

forecasting higher water levels being significantly better

compared to ANFIS and BNN models. Overall, it is found

that MOENN model has great potential to be applied in

flood forecasting.

Keywords Neural network � Multi-objective

evolutionary neural network � Neuro-fuzzy inference

system � Bootstrap-based neural network � Flood

forecasting

1 Introduction

Hydrological forecasting is one of the most important

issues in hydrology, and it is essential for proper water

resources planning and management. Hourly flood fore-

casting can be very effective in issuing flood warning so as

to reduce flood disaster by taking appropriate evacuation

and rehabilitation measures. A testimony to this fact is the

overwhelming research that it has attracted from the

research community over the last few decades. The pro-

cesses and parameters that affect the water level for dif-

ferent lead times at some point downstream in a river

system are very complex. Several physically based and

conceptual models have been applied for flood forecasting.

In large river basins, because of data scarcity, use of

physically based and conceptual models has not gained

momentum as they need several inputs. A purely analytical

model is yet to emerge that can predict water levels at

varying lead times with sufficient reliability, especially in

data scarce regions. Hence, soft computing techniques may

play a major role in modeling these complex inter-rela-

tionships. The soft computing or data driven techniques

produce outputs of new inputs by a model already trained

using outputs of previously seen inputs. Neural networks

(NNs), adaptive neuro-fuzzy inference system (ANFIS),

bootstrap-based neural networks (BNNs) and genetic
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algorithms (GAs) are some of the most commonly used

soft computing techniques.

Application of NNs in the field of hydrology has been

studied by several researchers [1–4]. Fuzzy logic and fuzzy

set theory were initially studied by Zadeh [5]. Potential of

neuro-fuzzy technique for forecasting river flow was eval-

uated by Nayak et al. [6]. Several researchers found better

results by applying ANFIS in hydrological prediction [7–9].

BNNs have also been successfully implemented in hydrol-

ogy by Abrahart [10], Jeong and Kim [11], Jia and Culver

[12], Srivastav et al. [13], Tiwari and Chatterjee [3]. Earlier,

Tiwari and Chatterjee [3] developed BNN model for hourly

water level forecasting and found satisfactory results. Selle

and Hannah [14] used bootstrap approach to assess param-

eter uncertainty in dynamic catchment models. It was

observed in the study that the bootstrap approach used for

parameter uncertainty would develop parsimonious hydro-

logical and environmental models with reliable estimates of

parameter uncertainty. Ebtehaj et al. [15] applied bootstrap

technique to estimate the parameter uncertainty resulting

from forcing data and also evaluated its impacts on the

resulting streamflow modeling. Morawietz et al. [16] applied

bootstrap technique along with discrete ranked probability

score (DRPS) successfully to evaluate different versions of

autoregressive error models for probabilistic streamflow

forecasts. Recently, Rajaee et al. [17], Nayak and Jain [18]

applied NN, ANFIS, multi-linear regression and conven-

tional sediment rating curve models for time series modeling

of suspended sediment concentration. It is notable that there

are few studies on the application of ANFIS in rainfall–

runoff modeling [19, 20]. In the context of hybrid models by

ANFIS model, an ANFIS model with autoregressive exog-

enous input (ARX) structure was proposed and an applica-

tion was presented by Gautam and Holz [21] for the

modeling of rainfall–runoff processes in the Sieve basin in

Italy. Also, Nourani et al. [22] applied the wavelet transform

and ANFIS model to catch the seasonality patterns of rain-

fall and runoff time series for predicting the runoff in two

watersheds. In earlier studies, performance of BNN model is

found to be more reliable and consistent compared to NN

model, whereas the performance of ANFIS model is found

to be better than fuzzy inference systems (FIS). Performance

of both BNN and ANFIS models is found to be better than

traditional NN models [3, 6].

Though the results obtained by using NN, ANFIS and

BNN models in hydrology have been satisfactory and their

performance has been improving with continued research,

however, a basic problem remains that all the models widely

rely on human expertise in modeling and the underlying

architecture of the chosen model [23]. Genetic algorithm

(GA) was proposed by Holland [24]. It epitomizes Darwin’s

theory that the fittest survive whereas others perish, by

formulating optimization and search problems as natural

evolution. With unlimited search space, GA tends not to get

entangled in local optima states like other soft computing

techniques. The underlying architecture of evolutionary

algorithm–based models keeps evolving with time, thereby

overcoming the static architecture short fall of NNs, ANFIS

and BNN models among others.

With increasing research in the field of genetic algo-

rithms, evolutionary neural networks (ENNs) have come

into picture. The main underlying principle of ENNs is to

find an optimal NN architecture to solve the problem at

hand. ENNs have also been vigorously explored in the field

of hydrology with notable contributions coming from

Dawson et al. [25], Leahy et al. [26], Chaves and Chang

[27], Chen and Chang [28]. One of the objectives of this

paper is to study flood forecasting as a multi-objective

optimization problem. We begin by developing a multi-

objective evolutionary neural network (MOENN). The

objective is not only to minimize the training error but to

do so with small number of connections so that the trained

network is not over trained. An ideal network is taken as

one with minimum training error of the network (f1) and

minimum number of connections (f2). Generally, these two

objectives are conflicting, and hence, the trade off of

objectives f1 and f2 can be represented on a Pareto frontier.

The basic properties of the pareto frontier are described

in various studies based on multi-objective optimization

[29–32]. In this study, Pareto frontier is found out using

predator–prey algorithm suggested by Li [33]. The efficacy

of multi-objective evolutionary algorithms can be judged

from the fact that they are being used extensively for

optimization in various fields [34–36].

In this study, MOENN and ANFIS models are devel-

oped for hourly water level forecasting at Naraj gauging

site in Mahanadi river basin, India. The performance of

MOENN and ANFIS models is compared with the results

of BNN model presented in an earlier study by Tiwari and

Chatterjee [3] for the same Naraj gauging site in Mahanadi

river basin as well as for the same dataset as used in this

study. The performance of the models is compared in terms

of Nash–Sutcliffe efficiency (ENS), root mean square error

(RMSE), mean absolute error (MAE) and percentage

deviation in peak (D). The study area, data used and its

preparation for input into various soft computing models

are described in the next section. After a detailed

description of MOENN, ANFIS and BNN, their perfor-

mances are demonstrated and a critical analysis of the

results is carried out in later sections.

2 Study area and data used

Mahanadi river basin which is the fourth largest river basin

in India is selected for this study. The catchment area of the
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Mahanadi river is 141,589 km2 accounting for 4.3 % of the

total geographical area of India. It lies between east lon-

gitudes 80� 300 to 86� 500 and north latitudes 19� 210 to 23�
350. About 53% (75,136 km2) of the basin is in the state of

Chhattisgarh, 46% (65,580 km2) is in the coastal state of

Orissa, and the remainder of the basin is in the states of

Jharkhand and Maharashtra. Mahanadi river originates

from Chhattisgarh and traverses a length of about 851 km

before it discharges into the Bay of Bengal. Its main trib-

utaries are the Mand, the Hasdeo, the Seonath, the Ong, the

Ib and the Tel (Fig. 1). Numerous dams, irrigation projects

and barrages are present in the Mahanadi river basin, the

most prominent of which is Hirakud dam. Hirakud dam has

a gross storage capacity of 7,189 MCM (million cubic

meters) with catchment area of 83,400 km2 and command

area of 2,639 km2. It is the largest dam constructed across

the Mahanadi river. The average annual rainfall in the

Mahanadi river basin is 1,572 mm, of which 70 % is pre-

cipitated during the south-west monsoon season from June

to October [37]. The climate in Mahanadi river basin is

tropical. The Mahanadi river basin is mainly rainfed, and

there is large variation and seasonal fluctuation in water

availability. This basin is highly vulnerable to floods and

has been affected by catastrophic flood disasters almost

every year. The middle reaches of Mahanadi river basin

located in Orissa between 82� E 19� N and 86� E 22� N and

encompassing a geographical area of 47,559 km2 forms the

study area (Fig. 1). The main river reach extends from

Hirakud dam to Naraj having a total length of 358 km. In

the Mahanadi river basin, water resources planning and

management are critical issues and almost every year

flooding occurs in the delta region during monsoon season.

Naraj gauging station, which is situated at the mouth of the

delta, is selected for 1–10 h lead time flood forecasting for

issuing warning for taking appropriate evacuation and

rehabilitation plans.

The data used in this study consist of hourly water level

data of five gauging stations (Source: Central Water

Commission, Orissa) during the monsoon period for the

years 2001–2005. The locations of hourly water level

gauging stations are shown in Fig. 1. Hourly water level

data used range from 23 June at 9:00 am to 29 September

at 11:00 pm during monsoon period.

3 Methodology

3.1 Multi-objective evolutionary neural network

The underlying model of any evolutionary neural network

is a neural network. In the multi-objective evolutionary

neural network (MOENN) model developed, the underly-

ing neural network has a single hidden layer. The weights

from the input layer to the hidden layer are trained using

multi-objective genetic optimization with predator–prey

algorithm at the helm. The weights from the hidden layer to

the output node are approximated using linear least square

model. As mentioned in an earlier section, the two objec-

tive functions to be optimized (minimized) are training

error of the network (f1) and number of connections from

the input layer to the hidden layer (f2). The predator–prey

algorithm is described below.

A two dimensional lattice is constructed to facilitate the

predator–prey algorithm. Initially, preys are randomly

generated as a population of neural networks, all with

varying weights and connections equal in number to pre-

ferred prey size. These are then introduced in the lattice

randomly. The first and the last rows of the two dimen-

sional lattice are taken as adjacent. The first and the last

columns are treated as adjacent as well. The diagonally

opposite corner cells at the end of the lattice too are treated

as neighbors. The basic idea of this two dimensional lattice

is similar to what has been done earlier for cellular auto-

mata with a Moore’s neighborhood [38] as shown in Fig. 2.

The predator population is fixed, and they are introduced

into the lattice to prune the prey population based on the

fitness function (F). The fitness function (Fi) for each

predator is defined as

Fi ¼ xifi þ ð1� xiÞf2 ð1Þ

The predators are given varying weights (xi) so that a

diverse Pareto front is generated with x = 0 and x = 1

being the two extremes on the Pareto front. The number of

predator moves is governed by the following equation.

Number of movesðMÞ

¼ present prey population� preferred prey population

predator population

ð2Þ

A predator (i) is allowed to move M times in its Moore’s

neighborhood [38] as shown in Fig. 2. If it has prey(s) in its

neighborhood, it kills the one with highest Fi. If there are

no preys in its neighborhood, it makes a random move.

This procedure continues until its number of moves (M) is

exhausted. The preys are allowed to move one step after

killing is over. They are moved based on a probability so

that not all preys move, and they are given 10 trials to find

an empty spot.

After killing and prey movement, crossover and muta-

tion take place. All preys randomly choose their mates, if

any, from their neighborhood. In crossover, the entire

weight matrix for two nodes in different neural networks in

the population is exchanged as shown in Fig. 3. This is

governed by crossover probability. After crossover, two

children are produced. They are given 10 trials to find out
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an empty space in the lattice, failing which they are

rejected.

For mutation of a connection of a prey (1), say the one

connecting input node i to hidden layer j, x1
ij
; two other

preys (2 and 3) are chosen such that their weights for the

same connection, x2
ij and x3

ij are nonzero. The new weight

x for the prey being mutated is chosen in the range

x1
ij � a x2

ij � x3
ij

�
�
�

�
�
��x�x1

ij þ a x2
ij � x3

ij

�
�
�

�
�
� ð3Þ

This is self-adaptive mutation and ensures quick conver-

gence. The initial weights of the prey population are also

chosen within a range. Here, a is a predefined mutation

constant. This marks the end of one generation.

After a predefined kill interval, all the preys are arranged

according to their Fonseca ranks. The Fonseca rank of a

prey is the number of preys that strictly dominate this prey.

A prey i, strictly dominates another prey j, if and only if

f1;i \ f1;j and f2;i \ f2;j ð4Þ

Here, f1 and f2 are the two objective functions being min-

imized. All the preys with Fonseca rank less than 3 were

removed from the population. After every such removal,

preys equal in number to preferred prey population were

generated and placed at empty spaces in the lattice. With

subsequent generations, the complexity of the prey popu-

lation generated was reduced. This was done by a variable

whose value (P) ranged from 0.3 to 0.99, varying linearly

over generations. A weight was assigned as nonzero with

Fig. 1 Index map of the middle reaches of Mahanadi river basin showing location of different gauging stations (Tiwari and Chatterjee [4])

Fig. 2 A lattice showing Moore’s neighborhood
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probability 1-P. A MATLABTM code developed by Pet-

tersson et al. [39] was used with suitable modifications to

simulate the hourly water level forecasting in this study.

3.2 Adaptive neuro-fuzzy inference system

Fuzzy inference system could be seen as a model that maps

input characteristics to output using membership function

and fuzzy rules. Fuzzy inference is only applied to mod-

eling systems whose rule structure is essentially predeter-

mined by the user’s interpretation of the characteristics of

the variables in the model. Determining the type of mem-

bership function based on observed data is a difficult task.

Neuro-fuzzy system (NFS) can solve this problem. NFS

computes the membership function parameters that best

allow the associated fuzzy inference system to track the

given input/output data. In NFS, a fuzzy logic controller is

represented using the structure of neural network. The NFS

developed based on Takagi and Sugeno’s Approach of FLC

is also known as ANFIS. ANFIS uses the learning ability of

NN to define the input–output relationship and constructs

the fuzzy rules by determining the input structure.

The current study used a Takagi–Sugeno-Kang (TSK)

fuzzy inference system [40]. Consider that the FIS has two

inputs x, y and one output z. Figure 4 illustrates FIS

membership functions and rule generation. For a first-order

Takagi–Sugeno (TSK) model, a common rule set with two

fuzzy if–then rules can be written as [6].

Rule 1; if x is A1 and y is B1; then P1 ¼ p1xþ q1yþ r1

ð5Þ
Rule 2; if x is A2 and y is B2; then P2 ¼ p2xþ q2yþ r2 ð6Þ

where ‘‘if’’ statement is the antecedent, and ‘‘then’’ state-

ment is the consequent, x and y are linguistic variables, A1,

A2, B1, B2 are corresponding fuzzy sets and p1, q1, r1 and

p2, q2, r2 are linear parameters.

Figure 5 shows an equivalent ANFIS architecture with

two inputs and an output. ANFIS can be constructed as a

five layer network with the following five layer operations:

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 lAi

ðxÞ; for i ¼ 1; 2l ð7Þ

OP1
i ¼ lBi�2ðyÞ for i ¼ 3; 4 ð8Þ

where x (or y) is the input to the node; Ai (or Bi-2) is a

fuzzy set associated with this node, characterized by the

shape of the MFs (l) in this node. Assuming a Gaussian

function as the MF, the output OP1
i can be computed as:

OP1
i ¼ lAiðxÞ ¼ e

�1
2

x�ci
si

� �2

ð9Þ

where {ci, si} is the parameter set that changes the shapes

of the membership function.

Layer 2:

Every node in this layer multiplies the incoming signals,

denoted as P, and the output OP2
i that represents the firing

strength of a rule is computed as

OP2
i ¼ lAiðxÞlBiðyÞ ¼ wi for i ¼ 1; 2 ð10Þ

Layer 3:

The ith node of this layer, labeled as N, computes the

normalized firing strengths as

OP3
i ¼

wi

w1 þ w2

¼ wi for i ¼ 1; 2 ð11Þ

Layer 4:

Node i in this layer computes the contribution of the ith

rule toward the model output, with the following node

function

OP4
i ¼ wiPi ¼ wiðpixþ qiyþ riÞ ð12Þ

Fig. 3 Crossover, with shaded
nodes as the participating

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

parameter set. Parameters in this layer will be referred to as

consequent parameters.

Layer 5:

The single node in this layer computes the overall output

of the ANFIS as:

OP5
i ¼

Xn

i¼1

wiPi ¼ Overall Output ð13Þ

The basic structure of a neuro-fuzzy system consists of

three conceptual components: a rule base, which contains a

selection of fuzzy rules; a database which defines the

membership function (MF) used in the fuzzy rules; and a

reasoning mechanism which performs the inference pro-

cedure upon the rules and a given condition to derive a

reasonable output conclusion [6]. A fuzzy inference system

(FIS) implements a nonlinear mapping from its input space

to an output space. A FIS can utilize human expertise by

storing its essential components in a rule base and database

and performs fuzzy reasoning to infer the overall output

value. The derivation of if–then rules and corresponding

membership functions depends heavily on the a priori

knowledge about the system under consideration.

There is no systematic way to transform the knowledge

and experience of human experts to the knowledge base of

a FIS. Recall that the NN learning mechanisms do not rely

on human expertise. Due to the highly parallel structure of

an NN, it is hard to extract structured knowledge from

either the weights or the architecture of the NN, although

many efforts have been made in this direction (e.g., Jain

and Kumar [41]). The weights of the NN represent the

coefficients of the hyper-plane that partitions the input

space into two regions with different output values. If one

can visualize the hyper-plane structure from the training

data, then the subsequent learning procedures in an NN can

be reduced. On the contrary, a priori knowledge is usually

obtained from the human experts and it is most appropriate

to express the knowledge as a set of fuzzy if–then rules.

The limitations that arise when these techniques (NN and

FIS) are individually used can be addressed by creating

hybrid systems by combining both the techniques. A

common way to integrate FIS with NN is to embed the FIS

in a general NN architecture to create an adaptive neural

1 1 1 1P p x q y r= + + 2 2 2 2P p x q y r= + +

Fig. 4 FIS membership functions (MFs) and rule generation

 1 Layer 2 Layer 3 Layer 4 Layer 5

1w        1w     1 1w P

  X           

∑      P 

  Y      2w      2w      2 2w P

  A1

  A2

  B1

  B2

Layer Fig. 5 Architecture of ANFIS

model
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network and to use the learning algorithms of NN to esti-

mate MF parameters [42]. However, the conventional NN

learning algorithms (e.g., gradient descent) cannot be

directly applied to such a system as the transfer function of

the FIS need not usually be ‘‘nondifferentiable.’’ This

problem can be tackled by using differentiable functions in

the inference system or by not using the standard neural

learning algorithm.

ANFIS makes use of a mixture of back propagation (to

learn the premise parameters) and least mean square esti-

mation (to determine the consequent parameters). A step in

the learning procedure has two parts: in the first part, the

input patterns are propagated forward assuming random

initial values for the premise parameters, and the optimal

consequent parameters are estimated by an iterative least

mean square procedure, while the premise parameters are

assumed to be fixed for the current cycle through the

training set; in the second part, the patterns are propagated

back to modify the premise parameters using the back

propagation algorithm, while the consequent parameters

remain fixed. This procedure is then iterated till a prede-

fined error goal is reached. An ANFIS implements a non-

linear mapping from its input space to an output space. An

ANFIS can utilize human expertise by storing its essential

components in a rule base and database and performs fuzzy

reasoning to infer the overall output value.

3.3 Bootstrap-based neural network

Details of BNN model is presented earlier in Tiwari and

Chatterjee [3]. However, for the benefit of the readers, a

brief description of BNN model is presented herein. The

bootstrap is a data driven simulation method that uses

intensive resampling with replacement to reduce uncertain-

ties [43, 44]. The bootstrap technique generates different

realizations of dataset by resampling with replacement.

Let X = {X1, X2,…,Xn} represent a set of independently

and identically distributed (iid) random samples of size n,

which is drawn from a unknown probability distribution

function F (Xi� iidF), and x = {x1, x2,…, xn} is considered

as observed values. To generate bootstrap realizations from

the observed values, an empirical population distribution F̂

(Bootstrap population) is constructed by uniform sampling

with replacement from the observed sample x = {x1,

x2,…,xn} by putting the probability 1/n on xi. A bootstrap

sample can be generated by drawing iid random samples

X�i of size n, from F̂ as

X�i ¼ x�i ; X�i � iidF̂; i ¼ 1; 2; . . .; n: ð14Þ

The set of b number of bootstrap samples can be

represented as X1, X2,…, Xb,…, XB, in which B is the

total number of bootstrap samples which varies from 50 to

200 [45]. For each bootstrap resample, a NN model

can be constructed and its output can be denoted as

fNNðxi;wb=XbÞ, where wb is the weight vector. In BNN

model development, each bootstrap sample is used to

develop a NN, and many NN models are developed

and combined to simulate the complex input–output

relationship between the variables. Bootstrap.xla an Excel

Add–In [46] is used to develop bootstrap resamples. The

generalization error of a NN model is estimated by its ‘‘E0’’

estimate [12, 47].

E0 ¼
PB

b¼1

P

i2Ab
ðyi � fNNðxi;wb=XbÞÞ2
PB

b¼1 #ðAbÞ
ð15Þ

where Ab is the set of indices for the observation pairs not

included in the bootstrap sample Xb, #(Ab) is the number of

observation pair indices in Ab.

For a new input xi, the bootstrapped neural network

estimate ŷðxÞ is given by the average of the B bootstrapped

estimates

ŷðxÞ ¼ 1

B

XB

b¼1

fNN xi;wb=Xb
� �

ð16Þ

and the variance of bootstrap estimates, r2ðxiÞ is computed

as

r2ðxÞ ¼
PB

b¼1

P

i¼Ab
½yi � fNNðxi;wb=XbÞ�2

B� 1
ð17Þ

3.4 Multiple linear regression (MLR) model

Multiple linear regression attempts to model the relation-

ship between several independent or predictor variables

and a dependent or criterion variable. The assumption of

the model is that the relationship between the dependent

variable y and the p vector of regressors xi is linear. The

following represents a MLR equation [48]:

y ¼ aþ b1x1 þ b2x2 þ � � � þ bpxp ð18Þ

where y is the dependent variable, a is a constant and b1 to

bp are multipliers for x1 to xp independent variables. Con-

stant and multipliers are estimated through minimizing the

sums of squares of deviations between each data point and

the regression line. MLR has been the traditional approach

utilized in water resources hydrology for several decades

since the last century. Some recent applications appear in

Leclerca and Ouarda [49], Sahoo et al. [50] and Ada-

mowski et al. [51].

3.5 Performance evaluation

To evaluate the performance of various models, the sta-

tistical evaluators used, as mentioned earlier, are ENS,

RMSE, MAE and D.
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The ENS was proposed by Nash and Sutcliffe [52], to

assess the predictive power of models. It is defined as

ENS ¼ 1�
Pn

t¼1 Qt
O � Qt

M

� �2

Pn
t¼1 Qt

O � QO

� �2

 !

� 100 ð19Þ

where Qt
O is observed water level at time t and Qt

M is

modeled water level at time t. QO is the mean of the

observed water level, and n is the number of data points. An

efficiency of 100 (ENS = 100 %) corresponds to a perfect

match of modeled water level with the observed data. An

efficiency of 0 (ENS = 0 %) indicates that the model pre-

dictions are as accurate as the mean of the observed data,

whereas an efficiency less than 0 (ENS \ 0 %) occurs when

the residual variance (described by the numerator in Eq. 19)

is larger than the data variance (described by the denomi-

nator in Eq. 19). Essentially, the closer the ENS to 100 %,

the more accurate the model is.

The root mean square error (RMSE) is defined as

RMSE ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

1

n

Xn

i¼1

Qt
O � Qt

M

� �2

s

ð20Þ

Mean absolute error (MAE) is defined as

MAE ¼ 1

n

Xn

i¼1

Qt
O � Qt

M

�
�

�
� ð21Þ

Percentage deviation in peak (D) is defined as

Table 1 Most significant input

vectors selected using cross-

correlation statistics (CCF, ACF

and PACF) for hourly water

level forecasting

* WLt-42 represents water level

at 42 h lag time

Gauge stations Input variables*

Naraj WLt, WLt-1, WLt-2, WLt-3, WLt-4, WLt-5, WLt-6, WLt-7

Tikarpara WLt-14, WLt-15, WLt-16, WLt-17, WLt-18, WLt-19

Salebhata WLt-30, WLt-31, WLt-32, WLt-33, WLt-34, WLt-35

Kantamal WLt-36, WLt-37, WLt-38, WLt-39

Kesinga WL t-42, WLt-43, WLt-44, WLt-45, WLt-46, WLt-47, WLt-48
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Fig. 6 Correlation statistics for input structure identification. a CCF

between water level at Naraj and water level at Kesinga. b CCF

between water level at Naraj and water level at Tikarpara. c ACF of

water level at Naraj for different lags. d PACF of water level at Naraj

for different lags
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D ¼ QP
M � QP

O

QP
O

� 100 ð22Þ

where QP
O is the peak of observed water level and QP

M is the

peak of modeled water level. Peak water flow plays a very

important role in the field of flood forecasting. The lower the

percentage deviation in peak (D), the better the model is.

Threshold statistics (TS) It has been reported that ENS

can be high (80 or 90 %) even for poor models, and the

best models do not produce values which, on first exami-

nation, are impressively higher [53, 54]. The RMSE sta-

tistic indicates only the model’s ability to predict a value

away from mean [55]. Therefore, in order to test the

effectiveness of the model developed, it is important to test

the model using some other performance evaluation criteria

such as absolute relative error (ARE) and TS [6]. The ARE

and TS not only provide the performance index in terms of

predicting flows but also the distribution of the prediction

errors. ARE is given as

ARE ¼ Qt
O � Qt

M

Qt
O

�
�
�
�

�
�
�
�

ð23Þ

where Qt
O and Qt

O are observed and modeled water level

values, respectively. It is obvious that smaller the value of

ARE the better is the performance.

The threshold statistic for a level of x % can be used

as a measure of the consistency in modeled errors from a

model. The threshold statistics are represented as TSx

in percentage, and this criterion can be expressed

for different threshold levels of ARE for the model

predictions.

It is computed for x % threshold level as

TSx ¼
Yx

n
� 100 ð24Þ

where Yx is the number of predicted values (out of total

predicted, n) for which ARE is less than x % threshold level

for the model forecasts.

Table 2 Optimal architecture and parameters of MOENN, ANFIS and BNN models

MOENN ANFIS BNN

Lattice size 50 9 50 No. of inputs 31 Number of input

neurons

31

No of predators 50 No. of layers 5 Number of

hidden neurons

7

Maximum steps for

predator movement

Adjusted dynamically based on actual

population size and preferred population

size

No. of MFs 31 Number of

hidden layer

1

Preferred prey

population

200 MF type Gaussian Learning rate 0.01

Prey movement

probability

0.3 Scaling method Normalization Transfer function

of hidden layer

Sigmoid

Maximum trials for

prey movement

10 Transfer function

of output layer

Linear Scaling method Normalization

Crossover probability 0.95 Training

algorithm

Hybrid Transfer function

of output layer

Sigmoid

Mutation probability 0.7 Training cycles,

epochs(e)

50 Momentum

factor

0.9

Mutation constant (a) 0.5 Training goal 0.001 Training

algorithm

Back

propagation

No of hidden layers 1 Clustering radius 0.8 Training cycles,

epochs(e)

Early

stopping

criteria

Maximum number of

nodes in hidden

layers

10 Training goal 0.0001

Upper bound of

randomly generated

weights

5

Lower bound of

randomly generated

weights

-5

Range of P 0.3–0.99. Varies linearly across generations
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4 Analysis and discussion of results

The inputs to neural network structures of MOENN,

ANFIS and BNN are determined based on correlation

statistics as proposed by Sudheer et al. [56]. In earlier

studies, Tiwari and Chatterjee [3, 4] used the correlation

statistics to select significant inputs in the Mahanadi river

basin using same dataset as used in this study and found 31

significant inputs as presented in Table 1. The process of

input selection is briefly described here. The same is used

in the present study.

To identify the significant input vectors, a statistical

approach suggested by Sudheer et al. [56] is adopted in this

study. The basic idea of this approach is that the potential

influencing variables can be identified through statistical

analysis of the time series data by using cross-correlation

function (CCF), autocorrelation function (ACF) and partial

autocorrelation function (PACF) between the variables.

The CCF between the water level at Kesinga and water

level at Naraj shows a good correlation from 43 to 49 h

lags (Fig. 6a). The CCF between the water level at Tikar-

para and water level at Naraj shows a good correlation for

15–20 h lags (Fig. 6b). The ACF and PACF along with

Table 3 Performance indices for 1–10 h lead time forecasts for MOENN, ANFIS and BNN models for the testing dataset (2005)

Lead time (h) ? 1 2 3 4 5 6 7 8 9 10

Models

ENS (%)

MOENN 99.99 99.97 99.93 99.84 99.81 99.70 99.58 99.45 99.28 99.06

ANFIS 99.99 99.97 99.94 99.87 99.30 99.72 99.61 99.47 99.30 99.13

BNN 99.97 99.95 99.90 99.86 99.78 99.69 99.58 99.45 99.31 99.12

RMSE (m)

MOENN 0.01 0.02 0.04 0.06 0.06 0.08 0.09 0.10 0.12 0.13

ANFIS 0.01 0.02 0.04 0.05 0.12 0.07 0.09 0.10 0.12 0.13

BNN 0.02 0.03 0.04 0.05 0.06 0.08 0.09 0.10 0.12 0.13

MAE (m)

MOENN 0.01 0.01 0.02 0.04 0.04 0.05 0.06 0.06 0.07 0.08

ANFIS 0.01 0.01 0.02 0.03 0.05 0.04 0.05 0.06 0.07 0.08

BNN 0.02 0.02 0.03 0.03 0.04 0.05 0.06 0.07 0.08 0.08

D (%)

MOENN 0.05 0.10 0.17 0.12 0.28 0.52 0.43 0.53 0.62 0.83

ANFIS 0.07 0.15 0.25 0.36 3.54 0.51 0.71 0.80 1.61 1.12

BNN 0.03 0.07 0.20 0.27 0.36 0.51 0.63 0.70 0.80 0.95

Table 4 Percentage of MOENN, ANFIS and BNN predicted values included within ±15 cm observed water levels for the testing dataset (2005)

for 1–10 h lead times

Models Lead time (h)

1 2 3 4 5 6 7 8 9 10

MOENN 100 99.9 99.2 97.0 95.8 93.2 90.9 88.2 85.4 83.2

ANFIS 100 99.8 99.0 97.5 95.5 93.2 90.6 87.4 85.1 81.4

BNN 100 99.7 99.0 97.7 95.6 93.4 90.5 88.5 85.7 83.2

Fig. 7 Representative hydrographs for low, medium and high water

levels at Naraj gauging site for testing period (2005)
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95 % confidence bands from lag 0–20 h are estimated for

the standardized water level series of Naraj (Fig. 6c, d).

The ACF showed a significant correlation at the 95 %

confidence level from 0 to 20 h, whereas PACF showed

significant correlation up to lag 8 (8 h). The same process

is applied to select significant input variables from the

hourly water level series of remaining gauge stations, and

the total input vectors identified are presented in Table 1.

For BNN and ANFIS model development, water level data

for years 2001–2003 (7,101 patterns) are taken for training,

water level data for year 2004 (2,367 patterns) are con-

sidered for cross-validation and water level data for year

2005 (2,367 patterns) for testing. The training dataset is

used to train the MOENN, ANFIS and BNN models, and

the testing dataset is used to evaluate the performance of

models, whereas in case of BNN and ANFIS models

development, an early stopping approach is applied in

order to avoid overtraining or overfitting of the models.

The optimized architecture parameters of MOENN, ANFIS

and BNN models are shown in Table 2.

Fig. 8 Comparison of performance of MOENN, ANFIS and BNN

Models for 1 h lead time forecasts for selected hydrographs for a low

b medium and c high water level profiles

Fig. 9 Comparison of performance of MOENN, ANFIS and BNN

models for 5 h lead time forecasts for selected hydrographs for a low

b medium and c high water level profiles

Neural Comput & Applic

123

Author's personal copy



The three developed models, MOENN, ANFIS and

BNN are used to forecast hourly water levels for 1–10 h

lead times. The performance measures of the three devel-

oped models are presented in Table 3. It is observed that all

three models perform well for 1–10 h lead time forecasts

though the performance deteriorates with increase in lead

time. In general, in terms of ENS, the performance of

ANFIS model is found to be the best compared to MOENN

and BNN models. Even though the ANFIS model performs

better compared to remaining two models in terms of ENS,

the sudden drop in the performance of model for 5 h lead

time shows that the ANFIS model may suffer from local

minima problem, whereas the performance of MOENN and

BNN models is more stable and consistent.

In flood forecasting the performance of a model during

high water levels is of utmost importance. The percentage

deviation in peak (D) is an indicator of the ability of a

model to forecast extreme values. In the realm of flood

forecasting, this is a significant parameter. It is observed

from Table 3 that the performance of MOENN model in

terms of D is found to be the best compared to ANFIS and

BNN models for peak water levels, particularly for longer

lead times. It can thus be argued that MOENN model with

optimization using predator–prey algorithm is superior to

other two models for forecasting the extreme values.

The commonly used criterion for evaluating river flow

forecasts in India considers ±15 cm variation between

predicted and observed water level values as reasonably

accurate [57]. In Table 4, the percentage of predicted water

level values lying within ±15 cm of observed values is

presented for all the three models. It is observed from the

Table that MOENN, ANFIS and BNN models forecast

83.2, 81.4 and 83.2 % of water level values, respectively,

within ±15 cm for 10 h lead time. From the results

obtained in the Table 4, it can be concluded that all the

models perform equally well as per the existing evaluation

criterion of Central Water Commission (CWC), India.

Hence, we can argue that all the models are suitable to be

used for flood forecasting.

Figure 7 shows the observed water levels at Naraj

gauging site for the testing year 2005. This figure shows

Fig. 10 Comparison of performance of MOENN, ANFIS and BNN

Models for 10 h lead time forecasts for selected hydrographs for

a low b medium and c high water level profiles

Table 5 Number of data points in low, medium, and high water level categories for training and testing period

Category Number of data points Percentage of total data points

Training Testing Training Testing

Low (x\l) 3,922 1,429 55.23 60.37

Medium (l� x� lþ 2r) 2,652 914 37.35 38.62

High (x [lþ 2r) 527 24 7.42 1.01

Total 7,101 2,367 100 100

l = 23.14 m, r = 1.42 m, l and r are mean and standard deviation, respectively, for testing dataset
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selected hydrographs for low, medium and high water

levels which are used for further analysis. Lead times of 1,

5 and 10 h are chosen for comparison of performance of all

the three models. Figures 8, 9, 10 show plots of observed

and predicted water levels for all the models for 1, 5 and

10 h lead times, respectively, in different water level pro-

files, that is, low, medium and high water levels. It is

observed from Figs. 8 and 9 that for 1 and 5 h lead time

forecasts all the three models perform almost similar,

except the ANFIS model, whose performance for 5 h lead

time in medium flow is poor compared to other models. In

flood forecasting the performance of models for longer lead

times is of utmost importance. It is observed from Fig. 10

that for 10 h lead time forecasts, the performance of

MOENN and BNN models is better compared to ANFIS

model. Moreover, the performance of MOENN model is

marginally better compared to BNN model. This shows

that MOENN model has good potential to be used for

Fig. 11 Distribution of forecast error across different error thresholds

for a MOENN b ANFIS and c BNN models for 1–10 h lead time

forecasts for low water level profiles

Fig. 12 Distribution of forecast error across different error thresholds

for a MOENN b ANFIS and c BNN models for 1–10 h lead time

forecasts for medium water level profiles
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hourly water level forecasting especially for longer lead

times.

Further analysis is carried out to analyze the forecasting

performance of MOENN, ANFIS and BNN models for

different water level profiles by categorizing the flows into

low, medium and high discharge profiles using partitioning

analysis [3]. Using this analysis, the partitioning of water

levels during testing period is carried out as shown in

Table 5. The reason for categorizing the testing dataset into

three categories is to ensure more efficient and rigorous

performance analysis of all the three models concerned.

A threshold analysis is carried out by plotting cumula-

tive frequency versus threshold error for low, medium

and high water level profiles for all the three models.

Figures 11, 12, 13 show the plots of cumulative frequency

of predicted values within a particular error level. The

percentages of predictions for which absolute relative error

(ARE) is less than 1 % are presented in Table 6.

From Table 6, it is observed that for low water level

profile, the performance of all the three models is very

similar for 1–10 h lead time forecasts. For medium water

level profile too, the performance of all the three models is

almost similar with marginal differences for 1–9 h lead

times. For 10 h lead time forecasts, both MOENN and

BNN models perform better than the ANFIS model for

medium water level profile. A considerable difference

between the models emerges for high water level profile for

longer lead times. For a lead time of 10 h where ANFIS has

a percentage prediction within 1 percent error of 54.17,

BNN is slightly better at 66.67 %, whereas MOENN out-

performs the other two models considerably showing

87.50 % of predicted data within 1 percent error range.

Similar large differences can also be noticed for a lead time

of 9 h. Thus, it is observed that for high water level con-

ditions and for longer lead times (i.e., 9 and 10 h), MO-

ENN performs significantly better than ANFIS and BNN

models.

4.1 Comparison of developed NN models with MLR

The goal of multiple regression analysis is to evaluate the

relationship between several independent or predictor vari-

ables and a dependent or criterion variable. The discharge at

Naraj station is selected as the dependent variable, and the

input variables as of NNs are selected as independent vari-

ables for MLR model development. The MLR model is first

fitted (to determine the regression coefficients) using the

data in the training set (2000–2004) and then tested using the

testing dataset (2005). The SPSS software package (version

10, SPSS Inc., Chicago, Illinois) is used for regression cal-

culations. Performance indices are shown in Table 7 for

1–10 h lead time flood forecasts using MLR models. It is

seen that MOENN, BNN and NN models perform better

than MLR model for all lead time forecasts.

5 Conclusions

This study investigates the potential of MOENN, ANFIS

and BNN models for flood forecasting. MOENN, ANFIS

and BNN models are developed, and their performance is

compared for forecasting floods for 1–10 h lead times at

Naraj gauging site in Mahanadi river basin in India. All

three models, MOENN, ANFIS and BNN perform well for

Fig. 13 Distribution of forecast error across different error thresholds

for a MOENN b ANFIS and c BNN models for 1–10 h lead time

forecasts for high water level profiles
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1–10 h lead time forecasts though the performance deteri-

orates with increase in lead time. Also, all the models satisfy

the existing performance evaluation criterion of Central

Water Commission (CWC), India for flood forecasting at

Naraj gauging site of Mahanadi river basin in India. Further,

all three models perform better than a multiple linear

regression model. It is seen that the performance of

MOENN and BNN models is more stable and consistent

compared to ANFIS model. One of the crucial aspects in

flood forecasting is the accurate forecasting of extreme

water level conditions particularly at longer lead times.

Based on a partitioning analysis, it is seen that the MOENN

model with optimization using predator–prey algorithm

performs better than BNN and ANFIS models for fore-

casting the extreme values, particularly at longer lead times;

while the BNN model performs better than ANFIS model.

However, further detailed studies are necessary to explore

this potential of MOENN model for accurate forecasting of

extreme water levels at longer lead times.
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