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Abstract: Rainfall-runoff modeling is important in flood forecasting systems. Although, a wide variety 
rainfall-runoff models has been developed and applied, but it cannot be claimed that there is one model 
which can perform satisfactorily at all times or under all conditions. Instead of switching models from one 
to another, this study proposes combining the simple linear rainfall-runoff model results. This study 
presents the development of five combination methods, simple average method (SAM), the weighted 
average method (WAM), the fuzzy system method (FSM), the neural network method (NNM) and the 
adaptive neuro-fuzzy inference system method (ANFISM) to combine the simulated results of three 
different rainfall-runoff models called single linear model (SLM), Linear Perturbation Model (LPM) and 
Linearly Varying Gain Factor Model (LVGFM) on four catchments. Comparison of the estimated runoff 
results reveals that the ANFIS combination method performs better than the other combination methods 
and is the best individual rainfall-runoff model. Furthermore, the ANFIS combination method provides 
improved flood estimates and is recommended for use as the combination system for flood forecasting 
that can also be used by engineers and hydrologists. 
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1. INTRODUCTION 
 
Quantitative modeling of rainfall-runoff 

processes is often a requirement for optimal design 
of water storage and drainage networks or for 
forecasting and managing extreme events such as 
floods. The complexity of rainfall-runoff 
relationships is well recognized and represents a 
significant challenge to hydrologists (Beven, 2001). 
The typical heterogeneity of the geomorphologic 
characteristics of the watershed (such as soil type, 
vegetation cover, etc.) and the spatial and temporal 
variations of model inputs (such as rainfall patterns) 
and initial conditions in the model are some of the 
reasons leading to the complexity in rainfall-runoff 
modeling and this complexity can introduce the 
problem of overparameterization (Beven, 1989). 

Hydrologists have focused on rainfall-runoff 
modeling issue from two different points of view: 
knowledge-based modeling and data-based 

modeling (De Vos & Rientjes, 2005). Knowledge-
based rainfall-runoff modeling describes the system 
and processes involved in producing runoff in a 
physically realistic manner. The best examples of 
knowledge-driven modeling are physically-based 
model approaches (e.g. Ewen et al., 2006; Du et al., 
2007). Physically-based modeling has some 
significant shortcomings, like considerable input 
requirements, and large computational demands. 
Conceptual models (e.g. Lee et al., 2005; Jonsdottir 
et al., 2006) are in-between physically-based models 
and empirical models, and they present physical 
processes in a more simplified form, while an 
empirical model, on the other hand, is built upon 
observation of input and output, without seeking to 
represent explicitly the process of conversion. Most 
of conceptual models still have a lot of parameters, 
and the user’s familiarity with the model will 
influence the quality of the model predictions. 

The data-based or data-driven approaches 

mailto:umtaregh@cc.umanitoba.ca


  

42 

extract information from hydrological data to forecast 
runoff with almost no consideration to the physical 
laws. Beven (2001) stated that “If we can successfully 
relate the inputs to the outputs, why worry about what 
is going on inside the catchment box?” This approach 
to rainfall-runoff modeling covers a variety of methods 
like, time series (e.g. Kim & Delleur, 2001; 
Niedzielski, 2007), empirical regression (e. g. Jain & 
Prasad Indurthy, 2003; McIntyre et al., 2007), fuzzy 
rule-based systems (e. g. Ozelkan & Duckstein, 2001; 
Tayfur & Singh, 2006) and artificial neural networks 
modeling (e. g. De Vos & Rientjes, 2005; Pan et al., 
2007), generally derived from statistics and artificial 
intelligence. The data-based rainfall-runoff models 
require no information about the physical processes of 
rainfall-runoff transformation. However, they cannot 
perform appropriately without access to a large dataset. 

Recently, technology development and 
computational power enhancement have helped to 
develop a number of rainfall-runoff models with 
different levels of involved processes covering. 
Regardless of these progresses, there is no assurance 
that one of these models will predict a flood event in 
different climate situations and different kinds of 
watersheds better than the others (Shamseldin & 
O'Connor, 1999). 

Rainfall-runoff modeling is important in river 
flood forecasting systems. In order to forecast floods, 
the user must make a choice between the available 
models. Information on data availability, model 
complexity, familiarity with the model, and required 
accuracy can help a user to select a rainfall runoff 
model. However, because the accuracy of flood 
forecasts has significant socio-economic 
consequences, it may be advantageous to combine 
several model forecasts. The combination process 
will allow a user to capitalize on the various rainfall-
runoff models’ strengths. A schematic diagram of the 
process of combining different rainfall-runoff models 
is shown in Figure. 1 where Rj

2 denotes the Nash-
Sutcliffe simulation efficiency of model-j, and Rc

2 

denotes the Nash-Sutcliffe simulation efficiency of 
the combination method. 

Although the combination of models concept 
has been widely used in fields as diverse as 
economics, statistics, and weather forecasting, it has 
received little attention in hydrologic forecasting or 
simulation studies. McLeod et al (1987) reported the 
first experiments dealing with the combination of 
river flow forecasts using a Box & Jenkins (1970) 
time series models and a conceptual rainfall-runoff 
model. Shamseldin et al (1997) in a seminal work 
tested three combination methods, the simple average 
method, the weighted average method, and the neural 
network method to combine daily discharge estimates 
of five rainfall-runoff models for 11 catchments. 
Several studies have employed different combination 
methods for rainfall-runoff modeling. Table 1 
provides a list of some of these studies. 

 

Table 1. Some of combination methods applied for 
rainfall-runoff modeling 

Robust weighted average 
method 

Coulibaly et al., 
(2005) 

Three artificial neural networks Shamseldin et al., 
(2007) 

Gene expression programming Fernando et al., 
(2009) 

Simple Average and Takagi-
Sugeno fuzzy system Zhang et al., (2009) 

Bayesian model averaging Liang et al., (2010) 
 
Since Zadeh (1965) introduced fuzzy set theory 

to model complex systems, it has been applied 
extensively and effectively in different applications, 
such as data analysis, control processes, and pattern 
recognition. In water resources, fuzzy systems have 
been applied for optimization of reservoir flood 
control operation (Guangtao, 2008), river suspended 
sediment modeling (Kisi et al., 2006), river water 
quality simulation (Li et al., 2007), flood forecasting 
(Tareghian & Kashefipour, 2007), and river nutrient 
loads estimation (Buzas, 2001). 

 

 
Figure 1. Schematic diagram for the procedure of combining forecasts of different rainfall-runoff models (Xiong et al., 2001) 
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By defining some fuzzy if-then rules, a 
fuzzy system can model the qualitative feature of 
human knowledge and reasoning processes. 
However, lacking of an effective method which 
can adjust the membership functions to minimize 
the result errors and maximize the model 
performance is apparent. On the other hand, 
artificial neural networks have the ability to learn 
from given patterns (input-output pairs), and use 
this ability as a solution for complex problems 
(Jang, 1993). As a result, we propose the adaptive 
neuro-fuzzy inference system (ANFIS) 
methodology for combining the results of rainfall-
runoff models. The ANFIS is a multilayer 
feedforward network presenting an approach for 
combining the human-like reasoning style of fuzzy 
systems with the learning structure of neural 
networks. Capability of combining fuzzy systems 
and artificial neural networks strengths has made 
ANFIS an applicable method in hydrological 
studies such as prediction of water level in 
reservoirs (Chang & Chang, 2006), hydrological 
time series modeling (Keskin et al., 2006), and 
river flow estimation (Firat & Gungor, 2007), 
reconstructing missing flow data (Dastorani et al., 
2010), modeling elevation-surface area-storage 
interrelationships (Fayaed et al., 2011), and 
rainfall forecasting (El-Shafie et al., 2011). 

For combining the rainfall-runoff models 
outputs, the results of the neural network 
combination method (NNM) are found to be 
generally better than those of the linear weighting 
(WAM) and fuzzy-based methods (Shamseldin et 
al., 2007). However, ANNs have difficulty to 
extrapolate beyond the range of the data used for 
calibration (Shahin et al., 2008). Fuzzy logic 
enhances the generalization capability of a neural 
network to produce reasonable outputs from inputs 
that have not been employed during training 
(Matreata, 2006). In flood forecasting models, 
developing a model that have the ability to 
generalize and extrapolate is very important. Hence, 
in this study, we implemented ANFIS to examine 
the value of ANFIS as a combination method for 
combining the outputs of three simple Rainfall-
Runoff models (SLM, LPM, and LVGFM) with 
least required information (just rainfall and runoff). 
The results of the proposed method will be 
compared with the performance of previously 
presented combination methods (SAM, WAM, 
NNM, and FSM). At the end, implementation of 
these individual and the combination of rainfall-
runoff models in predicting an individual flood 
hydrograph and simulating the whole distribution of 
runoff will be examined. 

2. MATERIALS AND METHODS 
 
2.1. Combination methods 
 
In this study, five methods of combining 

model outputs were considered, namely the simple 
average method (SAM), the weighted average 
method (WAM), the fuzzy system method (FSM), 
the neural network method (NNM), and the 
adaptive neuro-fuzzy inference system method 
(ANFISM). Hence, the output of three single 
rainfall-runoff models would be fed as inputs to 
the black-box combination models (i.e., NNM, 
FSM, and ANFISM), and observed runoff would 
be the output of the combination model. Here, the 
first four combination methods have been 
described briefly and they have been portrayed in 
detail by Shamseldin et al., (2007), Xiong et al. 
(2001), and Coulibaly et al., (2005), and the 
ANFIS structure have been described thoroughly. 

  
2.1.1. The Simple Average Method (SAM) 
The simple average method (SAM) is the 

simplest method of combining the outputs of 
different individual models. Given the estimated 
discharges of N rainfall-runoff models, a 
combined estimate of the discharge of the ith 
time period, using the SAM, is given by: 

 

∑
=

=
N

j
ijiC Q

N
Q

1

ˆ1ˆ  (1) 

 

Equation (1) illustrates that the 
computation of the SAM combined output is very 
trivial, requiring very little effort and without any 
empirical curve fitting. Moreover, it highlights 
that equal emphasis (i.e. weight) is assigned to 
the outputs of all of the models being considered. 

 
2.1.2. The Weighted Average Method 

(WAM) 
When some of the individual models 

selected for combination appear to be 
consistently more accurate than others, the use of 
a weighted average would be considered. The 
weighted average method (WAM) for combining 
the estimated model outputs, in the case of N 
rainfall-runoff models, may be expressed as 
(Granger & Ramanathan, 1984), 

 

eQQ
N

j
ijji += ∑

=1

ˆa  (2)  

 

Where Qi is the observed discharge of the 
ith time period, aj is the weight assigned to the jth 
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model estimated discharge 
ijQ̂  and ei is the 

combination error term. 
 
2.1.3. The Neural Network Method 

(NNM) 
Whereas conventional methods show a 

mediocre performance, ANNs have been 
successfully applied in different aspects of 
engineering applications. ANNs have proved to 
offer a better way to model a system with complex 
input-output relationships in comparison with the 
other approaches. A common three layer 
feedforward type of artificial neural network has 
been shown in figure. 2. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 2. Schematic diagram of Neural Network 
Method (NNM) 

 
The input dataset (xi) is presented to the 

network (input layer neurons). After multiplication 
by connecting weights (vij) and association with 
biases (bj) (i.e., netj= ∑xivij−bj), the output of each 
input layer node is sent to all nodes in the 
following layer (zi). Through an activation 
function, an input vector to the output layer will be 
computed. A sigmoid nonlinear transfer function 
is commonly employed, f (netj) = [1/ (1+e−netj)]. 
Then, the output layer neurons act as like as 
hidden layer neurons. For each input pattern, the 
backpropagation algorithm uses the gradient 
descent method to adjust biases and connection 
weights to decrease the difference between 
measured and estimated outputs. Based on these 
differences, the backpropagation algorithm 
minimizes an error function (E) of the following 
form to find the optimal weights and biases. 

 

( )∑∑ −=
P n

ii tyE 2  (3) 
 

Where yi= component of a network output 
vector Y; ti= component of a target output vector 
T; n= number of output neurons; and P= number 

of training patterns (Granger & Ramanathan, 
1984; Tayfur & Singh, 2006). For more detailed 
information on the structure of NNM and how 
NNM can be used as a combination method, 
ASCE Task Committee (2000) and Shamseldin et 
al., (1997) can be reviewed. 

 
2.1.4. The Fuzzy System Method (FSM) 
In order to model a system with fuzzy sets, 

at the first level, all the variables (input or output) 
must be fuzzified through a membership 
function. The membership function defines the 
degree of partial belonging a variable to different 
portion of the reference set which it can be 
between 0 and 1 contradict with classic theory 
which it must be crisp value 0 or 1. 

One of the advantages of the fuzzy systems 
is that one variable value can have a different 
membership degree in different linguistic terms. For 
example, a 500 m3/s runoff would regard as an 
average runoff with 0.3 membership degree and 
high runoff with 0.6 membership degree. At the 
next level, in order to formulate fuzzy relations 
between input and output variables, rules with the 
IF…THEN format would be defined. For example, 
for flow forecasting based on existing rainfall and 
evapotranspiration, these rules can be defined: 

IF rainfall is low and evapotranspiration is 
high THEN runoff is low; 

IF rainfall is high and evapotranspiration is 
low THEN runoff is high… 

Based on defined rules, a fuzzy inference 
system is used to formulate the transformation 
process of given inputs to the corresponding 
outputs. There are two types of fuzzy inference 
systems, 1- Mamdani, 2- Takagi-Sugeno. Nedjah 
& Mourelle (2005) provide detailed information 
on fuzzy inference systems. In this study, the 
Takagi-Sugeno fuzzy inference system was used. 

 
 
 
 
 
 
 
 
 
 

Figure 3. Schematic representation of fuzzy system 
method (FSM) 

 
In the fuzzy inference process, after input 

variables fuzzification, defuzzification process is 
pursued to get the final output. Defuzzification 

Bias mode Bias mode 

Consensus 
discharge 

Output layer Hidden layer Input layer 

Neurons 
(Outputs from 
a number of 
substantive 

models) 

Fuzzy rule base 

Defuzzification Fuzzification 

Fuzzy inference 
engine 

Output 
Input 



  

45 

process converts a fuzzy solution set to an 
understandable respond form (Mahabir et al., 
2003). A schematic representation of fuzzy 
system has been shown in figure 3. 

 
2.1.5. The Adaptive Neuro-Fuzzy 

Inference System Method (ANFISM) 
The ANFIS is an extension of Takagi-

Sugeno fuzzy model which facilitates learning 
and adaptation in the framework of adaptive 
systems (Jang, 1993). Two fuzzy if-then rules 
using the Takagi-Sugeno fuzzy inference systems 
are defined to describe the ANFIS architecture: 

Rule 1. If (x is A1) and (y is B1) then 
(f1=p1x+q1y+r1),  

Rule 2. If (x is A2) and (y is B2) then 
(f2=p2x+q2y+r2), 
where Ai and Bi are the membership functions 
based on linguistic terms (low, average, high, and 
…) for x and y inputs,  fi is the output function, and 
pi, qi and ri are the linear consequent parameters. As 
it can be seen in figure. 4, ANFIS architecture 
comprises five layers. The node function of each 
layer is the same, and is as follows: 

In layers 1 and 2, membership functions 
are used to fuzzify the inputs, and then, AND or 
OR operators are applied to compute the weight 
or firing strength (wi) for each defined rule. 
Usually, the generalized bell-shaped is used as 
membership function and specified as: 

ii b
ii

A acx
x

})/){((1
1)( 2−+

=µ  (4) 

where { ia , ib , and ic } are the antecedent 
parameters set. In layer 3, normalized firing 
strengths of each rule are calculated by dividing 
each rule’s firing strength by summation of all 
rules’ firing strengths. 
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In layer 4, the outputs of layer 3 are 
multiplied by the consequent of each fuzzy rule; 

 

)(,4 iiiiiii ryqxpwfwO ++==  (6) 
 

In layer 5, a single crisp value is computed 
as the network output, and the result of ANFIS 
network can be compared with the measured data:  
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Figure 4. ANFIS Architecture  
 

During training process, two different 
parameter sets, antecedent parameters { ia , ib , and 

ic } and consequent parameters { ip , iq , and ir } 
must be adjusted. A hybrid algorithm including 
the gradient descent method and least mean square 
estimation is used in the two phase learning 
procedure. In the first phase, input dataset are 
propagated forward. While the antecedent 
parameters are held fixed, the least mean square 
error is used to approximate consequent 
parameters. In the second phase, the output error is 
backpropagated through the network. The gradient 
descent method is employed to revise the 
antecedent parameters, while the consequent 
parameters are assumed to be set. To reach an 
acceptable error, the learning procedure will be 
continued iteratively. The iterative calibration of 
the rule consequents is achieved by means of the 
“linear least squares” method. The fact that the 
model output is a linear function of the consequent 
parameters is the main reason why this hybrid 
calibration procedure is attractive. The detailed 
information about architecture and algorithm of 
ANFIS can be found in Jang (1993). 

 
2.2. Rainfall-Runoff Models 
 
2.2.1. The Simple Linear Model (SLM) 
The simple linear model was proposed by 

Nash & Foley (1982) as a primitive rainfall-runoff 
model. They assumed a linear time-invariant 
relationship between the total rainfall Ri and the 
total discharge Qi. In a discrete non-parametric 
form, Kachroo & Liang (1992) expressed SLM by 
the following summation relation: 

 

∑
=

+− +′=
m

j
ijjii ehRQ

1
1  (8) 

 

where Qi and Ri are the discharge and rainfall 
respectively at the ith time-step, h′j is the jth 
discrete pulse response ordinate or weight, m is 
the memory length of the system, and ei is the 
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output error term. For more simplicity, a new 
parameter, the gain factor G has been defined as 
the ratio of the total volume of observed discharge 
to observed rainfall to describe the long term 
runoff coefficient (Kachroo & Liang, 1992). When 
the measurement units of rainfall and runoff (e.g. 
mm/day over the catchment area) are same, then 
the gain factor G is expressed as a summation of 
the discrete pulse response ordinates: 

 

∑
=

′=
m

j
jhG

1

 (9) 

 

After the gain factor G was applied, runoff 
would be calculated by 

 

∑
=

+− +=
m

j
ijjii ehRGQ

1
1  (10) 

 

where hj is the h′j  whose value reduced 
proportionately by the gain factor such that, 

∑
=

=
m

j
jh

1
1  (11) 

 
2.2.2. The Linear Perturbation Model 

(LPM) 
Nash & Barsi (1983) used seasonal 

information of the observed rainfall and 
discharge series, and supposed that in a year 
which the rainfall is equal to its seasonal average, 
the associated discharge is also equal to its 
seasonal average. Nevertheless, if there is a 
difference between the rainfall and the discharge 
values and their related seasonal prospects, there 
will be a linear time-invariant system to relate 
these differences series which has a density 
summation form: 

 

∑
=

+− +′′=′
m

j
ijjii ehRQ

1
1  (12) 

 

where h′j is the jth discrete pulse response 
ordinate relating to the difference series of input 
and the output, R′i and Q′i are the differences of 
rainfall and discharge from their seasonal 
prospects, m is the memory length, and ei is the 
error output term. 

 
2.2.3. The Linearly Varying Gain Factor 

Model (LVGFM) 
Inconstant gain factor is the main 

difference between the linearly varying gain 
factor model (LVGFM) and SLM which is 
constant. Ahsan & O'Connor (1994) proposed the 
LVGFM for the single input to single output 
situation. The model output (runoff) using a 

linearly gain factor G will be expressed by: 
 

∑
=

+− +′=
m

j
ijjiji ehRGQ

1
1  (13) 

 

where ∑
=

=
m

j
jh

1
1  the variable gain factor 

was intended to has a linear relation with the soil 
moisture state zi , 

 

ii bzaG +=  (14) 
 

where a and b are constants. For the value 
of zi, Ahsan and O’connor (1994) put forward 
that zi can be acquired from the outputs of the 
SLM by the relation: 

∑
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+−=
m

j
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Q
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1
1
ˆˆ

 (15) 

 

where Q  is the mean calibration discharge 
Ĝ and ĥj are estimates of the gain factor and the 
pulse response ordinates of the SLM respectively. 

 
3. Study Area 
 
Four catchments with two different 

hydrological and climate conditions were selected 
in this study for comparing the results of individual 
and combination of rainfall-runoff models. The data 
used for model calibration and verification are daily 
rainfall and runoff series. The major hydrological 
characteristics of four catchments have been listed 
in table 2, and the location maps of study areas have 
been shown in figure 5. 

 
4. Evaluation Criteria for Model 

Performance: 
 
For rainfall-runoff models, the main 

criterion used for assessing simulation 
performance is the Nash-Sutcliffe efficiency 
index (1970), R2 defined as: 

 

100
0

02 ×
−

=
F

FFR  (16) 

 

where F is the sum of squares of 
differences between estimated and observed 
discharges, and F0 is the sum of squares of 
differences between the observed discharges and 
the mean discharge during the calibration period. 

Moreover, in order to objectively evaluate 
the model performance, one of the most 
commonly employed error measures, root-mean-
square error (RMSE) was applied, and can be 
calculated as: 
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QQ
RMSE
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pm ii∑

=

−
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where Qm= measured runoff; Qp= 
predicted runoff; and n= total number of data 
pairs considered. 

 
5. Models Application and Development: 

 

The four catchments data were used to build 
the three selected rainfall-runoff models (SLM, 
LPM and LVGFM). For SLM model calibrating, 
hj matrix must be determined. Based on Kachroo 

& Liang (1992), hj can be calculated by, 
 

1( )T TH X X X Y−=  (18) 
 

where, X and Y are rainfall and runoff 
series respectively. The ordinary least squares 
(OLS) method was employed to estimate the 
discrete pulse response ordinates (hj), and find 
the best size for hj matrix. With trial and error, 
the best size for m was calculated as 20. 

In the case of the LPM, two new series 
dii xxR −=  and dii yyQ −=  are defined. 

Where, xd and yd are the average daily rainfall-runoff 
for each series of data over the calibration period. 

Table 2. Summary of hydrological data of the four selected catchments 
Name Area(Km2) Country Data Length Calibration Period 

North Fork of Caspar Creek (Nfcc) 4.84 USA 1965.1.1-1973.12.31 1965.1.1-1970.6.22 
South Fork of Caspar Creek (Sfcc) 4.24 USA 1964.1.1-1975.12.31 1964.1.1-1972.3.17 

Gronwen 0.7 Wales 1964.1.1-1969.3.28 1964.1.1-1967.7.22 
Teifi 893.6 Wales 1965.1.1-1993.12.31 1965.1.1-1984.2.29 

 

 

 
Figure 5. Location map of Nfcc& Sfcc in California “adpted from (Carr et al., 2013)” and Teifi& Gronwen in Wales. 
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Then hj can be calculated by, 
 

1( )T TH R R R Q−=  (19) 
 

In the calibration of the LVGFM method, the 
ordinary least squares (OLS) method was used to 
estimate the discrete weighting function ordinates 
(Bj). Then, the soil moisture state (zi) was calculated 
through the SLM rainfall-runoff model outputs. 
Because varying gain factor (Gi) has a linear relation 
with the soil moisture state, it can be inferred that 
SLM acts as an auxiliary elementary model to 
estimate the gain factor. 

Excel macros, Visual Basic, and MATLAB 
software packages were used to determine the 
parameters of these three selected models. The 
outputs of these methods were combined with the 
five combination methods (SAM, WAM, FSM, 
NNM, and ANFISM). 

 
5.1. ANFIS combination method 

Calibration: 
 

The parameters of NNM and FSM 
combination models were calibrated same as the 
Shamseldin et al., (1997) and Xiong et al., (2001), it 
has been clearly described in these papers and we 
just focus on ANFIS parameters calibration here. 
The data set was divided into two separate data sets, 
one for training and the other for testing. The 
training data set was used to train the ANFIS, 
whereas the testing data set was used to verify the 
accuracy and the effectiveness of the trained ANFIS 
model for the combination of rainfall-runoff models. 

A crucial point in the rule base design is 
selecting the number of rules. It was determined 
experimentally, by developing various models and 
studying the rules and their results, which for three 
catchments, three rules was adopted. Just for Teifi 
catchment, results showed that application of fuzzy 
subtractive clustering algorithm with four clusters, 
the number of clusters determines the number of 

rules, can make a better adaptation with target 
outputs. In figure 6, the ANFIS rule base structure 
which was developed for Gronwen catchment can be 
seen. Each row corresponds to one rule, and each 
column corresponds to either an input variable or an 
output variable. The simple Gaussian membership 
function defined in equation (18) showed the best fit 
in the ANFIS model for all the four catchments. 
Finally, the hybrid-learning rule was used to train 
the model according to input/output data pairs. The 
ANFIS was implemented by using the MATLAB 
software package (MATLAB version R2010a with 
fuzzy logic toolbox). 

 

2

2

2
)(

),,( σσ
cx

ecxf
−−

=  (20) 
 
where x is one of the input data series to 

ANFIS which is originally one of the rainfall-runoff 
models output, and c and σ are the center and width 
of the fuzzy set, respectively  .  

 
6. RESULTS 
 
As it can be seen in tables 3 and 4, for 

calibration and verification period, and for all the four 
catchments, the values of R2 and RMSE for the 
adaptive neuro-fuzzy combination method are at the 
first rank. However, the differences of R2 values for 
some of the watersheds, especially Teifi, are not 
significant. Another result that can be inferred from 
tables 3 and 4 is that neural network combination 
method is always at the second place. In the case of 
fuzzy system combination method, the results are 
disappointing especially in calibration period. For 
example, the R2 value of fuzzy system combination 
method in the calibration period is around %71 and it 
ranks no. 6. However, the RMSE results are a little 
different from efficiency index for fuzzy system 
combination method, and its rank in three catchments 
is 3 and in one catchment is 4 in verification period. 

 
Figure 6. The ANFIS rule base structure developed for Gronwen catchment.  
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Table 3. The R2 efficiency results on calibration and 
verification period 

Model R2 (rank)% 
Nfcc Sfcc Teifi Gronwen 

Calibration Period 
SLM 66.20 (7) 70.94 (7) 77.71 (5) 70.90 (4) 
LPM 74.80 (4) 84.10 (4) 74.85 (7) 52.75 (7) 

LVGFM 62.34 (8) 67.42 (8) 68.02 (8) 49.83 (8) 
SAM 71.11 (5) 78.21 (6) 76.94 (6) 62.75 (6) 
WAM 76.63 (3) 84.76 (3) 82.33 (3) 71.29 (3) 
FSM 70.98 (6) 78.25 (5) 77.59 (4) 68.94 (5) 
NNM 84.08 (2) 85.02 (2) 85.62 (2) 74.82 (2) 

ANFISM 91.59 (1) 88.70 (1) 86.58(1) 79.31 (1) 
Verification Period 

SLM 59.74 (7) 66.70 (7) 79.95 (6) 67.29 (5) 
LPM 69.40 (4) 70.37 (5) 78.47 (7) 61.50 (7) 

LVGFM 56.64 (8) 65.67 (8) 72.22 (8) 61.22 (8) 
SAM 64.23 (6) 69.30 (6) 80.78 (5) 66.88 (6) 
WAM 70.38 (3) 70.55 (4) 85.57 (3) 67.63 (4) 
FSM 69.31 (5) 70.64 (3) 81.36 (4) 70.14 (3) 
NNM 72.76 (2) 71.09 (2) 87.19 (2) 71.02 (2) 

ANFISM 84.03 (1) 71.09 (1) 88.99 (1) 75.59 (1) 
 

Analysis of the tables indicates that, the 
weighted average combination method (WAM) has 
shown good results, and in the calibration period, it 
always ranks no. 3 and in verification period is in 
third or fourth ranks. Also, the simple average 
combination method (SAM) performance is inferior 
to those of the other combination methods for all the 
four catchments. 

The main goal of this study is to examine the 
combination methods in simulating runoff and flood 
events. So, we decided to compare the performance 
of the best rainfall-runoff model and NNM, FSM, 
and ANFISM combination models in simulating the 
maximum runoff event of each station in calibration 
period (Figures 7-10). As it can be seen in these 
figures, ANFISM has been simulated the maximum 
runoff superior than the other methods significantly. 
This superiority confirms the results in tables 3 and 
4. These figures also demonstrate that NNM, FSM, 

and individual rainfall-runoff model (SLM for Teifi 
and Gronwen, and LPM for NFLO and SFLO) are 
the next best models after ANFISM.  

The Accurate estimations of flood peak timing 
by ANFISM simulations in three catchments and 
one day delay for Gronwen catchment is also 
noticeable. Once the performance of ANFISM in 
combining the outputs of rainfall-runoff models was 
promising based on the evaluation criteria and 
simulating the flood events in the calibration period, 
we wanted to examine how well the ANFIS simulated 
the distribution of runoff in four watersheds in 
validation period. 

 
Table 4. The RMSE efficiency results on calibration and 

verification period 

Model RMSE (rank) 
Nfcc Sfcc Teifi Gronwen 

Calibration Period 
SLM 3.96 (7) 5.39 (7) 13.13 (4) 10.43 (4) 
LPM 3.43 (4) 3.99 (4) 13.95 (7) 13.30 (7) 

LVGFM 4.19 (8) 5.71 (8) 15.73 (8) 13.70 (8) 
SAM 3.67 (6) 4.67 (6) 13.36 (6) 11.81 (6) 
WAM 3.29 (3) 3.90 (3) 11.69 (3) 10.36 (3) 
FSM 3.46 (5) 4.67 (5) 13.17 (5) 10.78 (5) 
NNM 2.72 (2) 3.87 (2) 10.55 (2) 9.71 (2) 

ANFISM 1.98 (1) 3.36 (1) 10.19 (1) 8.80 (1) 
Verification Period 

SLM 4.58 (7) 7.40 (7) 13.99 (6) 13.85 (5) 
LPM 3.99 (5) 6.98 (5) 14.49 (7) 15.03 (7) 

LVGFM 4.75 (8) 7.51 (8) 16.47 (8) 15.08 (8) 
SAM 4.32 (6) 7.10 (6) 13.69 (5) 13.94 (6) 
WAM 3.93 (4) 6.96 (4) 11.87 (3) 13.78 (4) 
FSM 3.78 (3) 6.95 (3) 13.49 (4) 13.24 (3) 
NNM 3.77 (2) 6.89 (2) 11.18 (2) 13.04 (2) 

ANFISM 2.88 (1) 6.89 (1) 10.36 (1) 11.97 (1) 
 
The Q-Q plots of three rainfall-runoff models 

and five combination methods were compared 
(Figures 11-14). Here, the superiority of ANFISM 
over the other methods is considerable, especially in 
Gronwen, Teifi, and NFLO watersheds. 

 
Figure 7. Comparison of the observed and the estimated runoff of the LPM, FSM, NNM, and ANFISM at the 

Teifi catchment 
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Figure 8. Comparison of the observed and the estimated runoff of the LPM, FSM, NNM, and ANFISM at the 

Gronwen catchment 
 

 
Figure 9. Comparison of the observed and the estimated runoff of the LPM, FSM, NNM, and ANFISM at the 

Nfcc catchment 
 

 
Figure 10. Comparison of the observed and the estimated runoff of the LPM, FSM, NNM, and ANFISM at the 

Sfcc catchment 
 

As it can be noted, the other methods 
underestimate the flood events, while ANFISM is the 
only method that can simulate flood events 
reasonably. From these figures (Figures 11-14), it can 
be concluded that ANFIS is a reliable method to be 
implemented in flood forecasting systems. However, 
the evaluation criteria differences of NNM and 
ANFISM was insignificant for some cases, but it is 
clear that neural network model fails to simulate 

extreme runoff. 
The reason of such an occurrence can be the 

inability of neural networks to extrapolate the data 
which is needed for some of the cases for the validation 
period. When extrapolation is needed beyond the limits 
of the training data, fuzzy logic approach enhances the 
generalization capability of a neural network by 
providing more reliable outputs (Matreata, 2006). 
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Figure 11. Q-Q plot Comparison of the observed and the simulated runoff of the single rainfall-runoff models 

and the combination methods at the Teifi catchment.  
 

 
 

Figure 12. Q-Q plot Comparison of the observed and the simulated runoff of the single rainfall-runoff models 
and the combination methods at the Gronwen catchment 

 
7. DISCUSSIONS AND CONCLUSIONS 
 
Considerable research has been carried out to 

have a reliable flood forecasting system and a large 
number of rainfall-runoff models have been 
proposed. Shamseldin et al., (1997) and Zhang et al., 
(2009) indicated the advantages of combining the 
forecasts of rainfall-runoff models. 

Georgakakos et al., (2004) attributed the 
superior skill of the combination methods to the fact 
that rainfall-runoff model structural uncertainty is 
accounted for in the combination approach. They 
suggested that forecast combination of rainfall-
runoff models should be considered as an 
operational forecasting tool. The results of this 
study, not only supported their findings, but also, 
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introduced the ANFIS combination method which 
performed better than the other combination 
methods (SAM, WAM, FSM, and NNM) and the 
best individual rainfall-runoff model. 

Furthermore, ANFIS combination method 
provided improved flood estimates that can be used 
by engineers and hydrologists. So, they can apply a 

combination method like ANFIS in modeling 
complicated and significant phenomena like flood and 
drought events with more reliability. No numerous 
parameters calibration requirement and resolving 
overparameterization effects of an immense 
hydrologic model are the other advantages of 
developing a rainfall-runoff combination method. 

 

 
Figure 13. Q-Q plot Comparison of the observed and the simulated runoff of the single rainfall-runoff models 

and the combination methods at the Nfcc catchment.  
 

 
Figure 14. Q-Q plot comparison of the observed and the simulated runoff of the single rainfall-runoff models and 

the combination methods at the Sfcc catchment  
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As it was discussed by Matreata (2006), when 
extrapolation is needed beyond the limits of the 
training data, fuzzy logic approach enhances the 
generalization capability of a neural network by 
providing more reliable outputs which can be an 
advantage in flood forecasting systems compared 
with neural networks combination methods. 

As it was concluded by Zhang et al., (2009), 
the performance of single rainfall-runoff models has 
the apparent influence on the performance of 
combination methods. Underestimation of flood 
events by single rainfall-runoff models would cause 
the underestimation by combination methods as it 
was observed in figures 11-14. So, using more 
comprehensive rainfall-runoff models could possibly 
enhance the accuracy of combination methods. This 
can especially help at the large river basins where 
using only rainfall as an input to a black-box model 
would not be a reliable approach.  
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