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ABSTRACT

Climate and rainfall are highly non-linear phenomena in nature. The parameters that are reguired to predict the rainfall are
very complex and subtle so that uncertainty in a prediction using all these parameters is enormous even for a short period.
This study aims to forecast the daily rainfall of monsoon period of Junagadh, Gujarat, India. Adaptive neuro-fuzzy
inference system (ANFIS) model was used in this study to predict the daily rainfall in the period between June to October
in the region. Soft computing is an innovative approach to construct computationally intelligence systems that are
supposed to possess humanlike expertise within a specific domain. The statistical data of 1979 to 2011 was obtained from
Junagadh Agricultural University, Junagadh from period 1st June to 30th October for training and validation of the
developed models. The performance of the models were evaluated using various statistical indices viz. mean sguare error
(MSE), normalized mean square error (NMSE), correlation coefficient (CC), Akaike’s information criterion (AIC), percent
error (%), minimum description length (MDL), coefficient of efficiency (CE) and volumetric error (EV). The results
indicates that the (Gauss, 3) ANFIS model showed higher rainfall forecasting accuracy and low error compared to the other
ANFIS models. Furthermore, the rainfall predicted by this technique was closer to the actual data than the other one.

KEYWORDS: Adaptive neuro-fuzzy inference system (ANFIS); Fuzzy sets; Rainfall forecasting; Mean Square Error (MSE);
Artificial intelligence

INTRODUCTION error of the fuzzy model was 8.4%; that is, 13% lower than
Seasonal rainfall forecasts can have significant value for that of neural network. Keeping in view the above facts
Water resources planning and management e.g., reservoir adaptive neuro-fuzzy inference system (ANFIS) is the
operations, agricultural practices, town planning and flood most efficient rainfall forecasting method. Adaptive
emergency responses. To manage and mitigate this, Neuro-Fuzzy Inference System (ANFIS) model has
effective planning and management of water resources is become a popular analysis tool due to its ability to
very necessary. Rainfed agriculture in India is where crop evaluate simultaneously spectral and temporal information
production is totally dependent upon rainfall. The within the signal. Most of the previous investigations have
production of rainfed region, which contributes indicated that ANFIS is an efficient tool for rainfall
significantly to the economy of the nation. Rainfall is forecasting and is widely used in different areas of water
natural climate phenomena whose prediction is related research. Tektas (2010) used ANFIS and ARIMA
challenging and demanding. In the short term, this requires models for weather forecasting and the results were
a good idea of the upcoming rainfall season. In the long evaluated according to prediction performance, reliability
term, it needs redlistic projections of scenarios of future and efficiency. In the field of modeling and classification
variability and change (Abraham et al., 2001). framework, there are many studies that use the Neuro-
Understanding the complex physical processes that create Fuzzy Approach (Bacanli 2009 and Tektas 2010). Jeong et
rainfall remains a major challenge, and accurate rainfall al. (2012) developed model for monthly precipitation
forecasting remains an important task, with significant forecasts using ANFIS. Shiri et al. (2013) evaluated
implications for food production, securing water supplies neuro-fuzzy models for estimating reference evapo-
for major population centers, urban development and transpiration using two separate sets of weather data from
planning and minimizing flood risks. Three-quarters of the humid and non-humid regions of Spain and Iran.
state of Queensland, Australia, was declared a disaster Sanikhani et al. (2012) used two different adaptive neuro-
zone following torrential rains during the summer of fuzzy inference systems (ANFIS) including grid
2010~ 2011 (Hurst, 2011). Kararnouz et al. (2005) used a partitioning (GP) and subtractive clustering (SC), for
model based on fuzzy rules and neural networks using modeling daily pan evaporation (Epan). Kisi and Tombul
large-scale climatic signals to predict rainfal in the (2013) developed model to investigate the ability of fuzzy
western Iran (the basins of Karoon, Karkheh and the genetic (FG) approach in estimation of monthly pan
western border). Their results showed that except for the evaporation. Present research describes the application
southwest region, where both models had similar errors of of ANFIS models to predict future precipitation in
above 35%, in the northwest and the western regions, the semi arid region of saurashtra of Gujarat in India. The
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main purpose is to specify the best type and structure of
the ANFIS models and also the most appropriate input
variables to have a reliable and accurate prediction of the
future rainfall.

MATERIALS & METHODS

The main objective of this study is to develop Adaptive
Neuro-Fuzzy models for prediction of monsoon rainfall.
This section deals with the location and climate of study
area, collection of meteorologica data, methodology
adopted for rainfall modeling using adaptive neuro-fuzzy
inference system models. Procedure used for calibration
and validation of the model and various criteria for
evaluating performance of the models and sensitivity
analysis to identify the most important factor responsible
for rainfall occurrence is aso discussed here.

Study Area

Junagadh is located on the Kathiawar peninsula in western
Gujarat. It is geographically situated between latitude and
longitude as 21.5° N and 70.1° E, respectively and at an
atitude of 86 m above the mean sealevel.

Data Acquisition

The daily meteorological datai.e. vapour pressure, relative
humidity, wind velocity, mean temperature and rainfall of
30 years 1979-1981, 1984-1989 and 1991-2011 were
collected from meteorological observatory of Krushigadh,
JAU, Junagadh. In this study, the first 26 year seasonal

data (June to October) were used for model training. The
remaining 4 years data were used for verification of the
models.

Fuzzy logic

A fuzzy logic model is aso known as a fuzzy inference
system. The fuzzy logic model adopted in this work
composed of two functional components. One is the
knowledge based, which contains a number of fuzzy if-
than rules and a database to define the membership
functions of the fuzzy sets used in the fuzzy rules. Based
on the knowledge base, the second component is the fuzzy
reasoning of decision making unit to perform the inference
operations on the rules. In classical models variables have
real number values, the relationship are defined in terms of
mathematical functions and the outputs are crip numerical
values (Center and Verma, 1998).

Adaptive neuro-fuzzy inference system (ANFIS) model

Fuzzy inference systems are non-linear models that
describe the input-output relation of areal system using a
set of fuzzy IF-THAN rules. Each fuzzy IF-THAN ruleis
a proposition of the form: In ANFIS, Takagi-Sugeno type
fuzzy inference system is used. The output of each rule
can be a linear combination of input variables plus a
constant term. The final output is the weighted average of
each rule’s output.

The node functions in the same layer are the same as
described below:

Rule 1:Ifxis A; and y is By, then f; = pyx+ quy + 1y

Rule 2:Ifxis A, and y is By, thenf, = p,x+ quy + 15

A conceptual ANFIS consists of primarily five
components. inputs and output data base, a Fuzzy system
generator, a fuzzy inference system and an adaptive neural
network. The Fuzzy inference system that we have
considered in this model that maps:
Input characteristics to input membership functions,
. Input membership functionsto rules,
- Rulesto a set of output characteristics,
- Output characteristics to output membership function,
and
- The output membership function to a single valued
output, or
- A decision associated with the output.

The neuro adaptive learning technique provide a method
for the fuzzy modeling procedure to learn information
about a data set, in order to compute the membership
function parameters that the best allow the associated
fuzzy inference system to track the given input/output
data. In fuzzy logic there is no systematic procedure to
define the membership function parameters. In this study,
three Gaussian membership functions were used for input
variable. There are a wide variety of agorithms available
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(1)

for training a network and adjusting its weights. In this
study, an adaptive technique called momentum
Levenberg-Marquardt based on the generalized delta rule
was adapted (Rumelhart et al., 1987).ANFIS eliminates
the basic problem in fuzzy system design, defining the
membership function parameters and design of fuzzy if-
then rules, by effectively using the learning capability of
ANN for automatic fuzzy rule generation and parameter
optimization.

Architecture of ANFIS

Adaptive neuro fuzzy inference system (ANFIS) isafuzzy
mapping agorithm that is based on Takagi-Sugeno-kang
(TSK) fuzzy inference system. In a hybrid fuzzy system
named as ANFIS, the fuzzy system is configured in
parallel fashion based on competitive or co-operative
relationship. In ANFIS, Takagi-Sugeno type fuzzy
inference system is used. The output of each rule can be a
linear combination of input variables plus a constant term.
The final output is the weighted average of each rule’s
output. The basic structures Takagi-Sugeno type fuzzy
inference system as shown in Fig. 3.
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FIGURE 1: Basic structure of first order Sugeno-fuzzy model

Layer 1. Every nodei in this layer is a square node with a
node function as:
Ol.{' = ,HAJ(X), fﬂ?‘f =12

01 = tp,—2(y), fori=12
where X is the input to node i, and i A (or i-2 B ) is a
linguistic label (such as “small” or “large”) associated
with this node. In other words, Oi,is the membership
grade of afuzzy set A and it specifies the degree to which
the given input x satisfies the quantifier A . Parametersin
this layer are referred to as “premise parameters”.
Layer 2: Every node in this layer is a fixed node labeled
as I, whose output is the product of all incoming signals:
0z = w; = fig (Opp,(y), fori=12 (2
Each node output represents the firing strength of a fuzzy
rule.
Layer 3: Every node in this layer is a fixed node labeled
N. The ith node calculates the ratio of the rule’s firing

strength of the sum of all rule’s firing strengths:
Wi

O3 =w; = i ForEELR (©)]

4 (wi=-wg) . S
Outputs of this layer are called “normalized firing
strengti (5™
Layer {i#:Every node i in this layer is an adaptive node

with a e function as:

Oy = 1975 = wipix + qy +17) 4)
Wherejii7, ) is a normalized firing strength from layer 3
and {pi, (. ritis the parameter set of this node. Parameters
in this layer are referred to as “consequent parameters”.
Layer 5: The single node i this layer is a fixed node

labeledX that computes tize overall output as the
summation of all incoming siginals:
overall output = O, = 5,i47f; = L ®

This layer is called as the output nodes in which the single
node computes the overall output by summing al the
incoming signals and is the last step of the ANFIS. In this
way the input vector was fed through the network layer by
layer.

Development of ANFIS model

In this method, the combination of meteorological
parameters i.e. vapour pressure, relative humidity, wet
bulb temperature, dryness and rainfall at point of
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forecasting as an input for training of the model was found
most satisfactory rainfall prediction, reported by (Hung et
al., 2008). In this case four input parameters i.e. the
observed time series of vapour pressure, relative humidity,
wind velocity, temperature of previous days are taken as
the input variables (N = 149 days) and one output i.e.
current day rainfall asthe output variable.

Sensitivity Analysis

While training a network, the effect that each of the
network inputs has on the network output has studied. This
provides feedback as to which input parameters are the
most significant. Based on this feedback, it may be
decided to prune the input space by removing the
significant parameters. This also reduces the size of the
network, which in turn reduces the network complexity
and the training time. The sensitivity analysis is carried
out by removing the each of the parameters in turn from
theinput parameters used on ANN and ANFIS models and
then comparing the performance statistics. The greater the
effect observed in the output, the greater is the sensitivity
of that particular input parameter.

RESULTS & DISCUSSION

Adaptive neuro-fuzzy inference system (ANFIS)

The ANFIS models of two membership functions i.e.
Gaussian and generalized bell were trained for maximum
iterations of 1000. Based on the performance indices Mean
Square Error (MSE), Akaike’s Information Criterion
(AIC) and Correlation Coefficient (CC) (Table 1), two
models were selected for the performance eval uation.
Perfor mance evaluation of developed models
Qualitative evaluation

The qualitative assessment of models is made by
comparing regenerating daily predicted rainfall with
observed rainfall. The observed and predicted values for
the period (2008-2011) using ANFIS models are shown
(Figs. 2 and 3). It is observed from the Figs., that thereisa
close agreement between the predicted and observed
rainfall, and overall shape of the plot of predicted rainfall
is similar to that of the observed rainfal. Therefore,
qualitative performance during training has been found
satisfactory.
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Days
FIGURE 2: Observed and predicted daily rainfall using ANFIS model (Gauss,3) during testing period (2008-2011)
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FIGURE 3: Observed and predicted daily rainfall using ANFIS model (Generalized ,5) during testing period (2008-2011)

Quantitative evaluation

The performance indices are used for evaluating the
quantitative evaluation of ANFIS models during testing
period (Table 1). For better appreciation of the model, the
predictive effectiveness of ANFIS model is judged on the
basis of performance indicators. To judge the predictive
capability of the developed model, Correlation Coefficient
(Mutreja, 1992), Mean Square Error (MSE), Normalized
Mean Square Error (NMSE) (Wilks, 1995), Akaike’s

Information Criterion (AIC), Coefficient of Efficiency
(CE) (Luchetta et al., 2003) and Volumetric Error (EV)
(Kachroo and Natale, 1992) were employed. Two models
selected from ANFIS with gaussian and generalized bell
membership functions on the basis of the performance
indices for the rainfall. Thus, the total number of selected
models will be two for rainfall forecasting of the Junagadh
(Gujatat) (Table 2).

TABLE 1: Comparison of selected ANFIS models during testing period

Model ANN
No. of Membership functions No. of Inputs MSE CC AIC
Model AM2s  Gauss, 2 4 0.0018 0.73 -3504.56
Model AM3,  Gauss, 3 4 0.0012 093 -4068.48
Model AM4s  Gauss, 4 4 0.0013 0.89 -3870.25
Model AMss  Gauss, 5 4 0.0017 0.68 -3634.45
Model AMes  Gauss, 6 4 0.0018 0.75 -3597.10
Model AM2;  Generalized bell, 2 4 0.0021 058 -3348.79
Model AM3,  Generdized bell, 3 4 0.0014 0.86 -3993.53
Model AM4s  Generalized bell, 4 4 0.0018 0.70 -3557.15
Model AMss  Generalized bell, 5 4 0.0013 091 -3988.69
Model AMss  Generalized bell, 6 4 0.0017 069 -3611.37

The adaptive neuro-fuzzy inference system (ANFIS)
model AMs4 has better performance than the model AMs,
because of lower value of MSE, NMSE and volumetric
error and higher value of correlation coefficient, EC and
AIC (Table 2). Therefore, the model AMs, is chosen for
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rainfall prediction of the study area. According to the
overall performance of the ANFIS models, the model
AMa4 has better accuracy than other models. Therefore the
ANFIS model AM34 was selected for rainfall forecasting
for study area.
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TABLE 2: Performance evaluations of developed ANN and ANFIS models during testing period for the best chosen

network
Performance ANFIS
indies AMzq AMsy
MSE 0.0012 0.0013
NMSE 0.37 0.45
CcC 0.93 0.91
AlIC -4068.48 -3988.68
CE 84.70 83.91
EV 20.75 24.45

Sengitivity Analysis

The senditivity analysis has been done by utilizing the
performance indices (Fig. 4) for ANFIS model AMs,
because of higher correlation coefficient and the lowest
error between observed and predicted rainfall. Here WVP,
WRH, WWS, and WMT are indicating as without vapour
pressure, without relative humidity, without wind velocity
and without mean temperature respectively. The
sengitivity analysis of ANFIS model revealed that the
rainfall isthe most sensitive with vapour pressure

followed by the relative humidity, mean temperature and
wind speed respectively. The results show that by
removing vapour pressure, relative humidity, wind
velocity and mean temperature the models have higher
error and lower correlation between observed and
predicted rainfall respectively (Fig. 4). It indicates that the
most significant parameter for rainfall forecasting is
vapour pressure followed by the relative humidity, mean
temperature and wind velocity using ANFIS model.
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FIGURE 4: Performance of ANN and ANFIS models for sensitivity analysis

386




Daily rainfall forecasting using Anfis models

CONCLUSION

In this study, we attempted to predict the daily rainfall
based on adaptive neuro-fuzzy inference system
(ANFIS) techniques for Junagadh of kathiawar region.
Daily weather data were collected from the
meteorological observatory of Junagadh Agricultural
University, Junagadh. The qualitative performances,
based on the observed and predicted values of rainfall
during training and testing periods using developed
models show satisfactory results. It is found that the
ANFIS model gives the more accurate results as compared
to the other ANFIS models. Therefore the ANFIS model
AMz34 is the best accurate model for rainfall prediction of
study area. The sensitivity analysis of ANFIS model AM a4
show that the vapour pressure the highest sensitive
parameter for rainfall prediction as compared to relative
humidity, mean temperature and wind speed.
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