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Type-2 fuzzy set theory is one of the most powerful tools for dealing with the uncertainty and
imperfection in dynamic and complex environments. The applications of type-2 fuzzy sets and soft
computing methods are rapidly emerging in the ecological fields such as air pollution and weather
prediction. The air pollution problem is a major public health problem in many cities of the world.
Prediction of natural phenomena always suffers from uncertainty in the environment and
incompleteness of data. However, various studies have been reported for prediction of the air quality
index but all of them suffer from uncertainty and imprecision associated to the incompleteness of
knowledge and imprecise input measures. This article takes advantages of learning of adaptive neural
networks alongside in new environment. Furthermore, it presents an Adaptive Neuro-Type-2 Fuzzy
Inference System (ANT2FIS) to address the uncertainty and imprecision in air quality prediction. The
data set of this study was collected from Tehran municipality official website for the last five years
(2012-2017). The results reveal that the ANT2FIS prediction method is more reliable and is capable of
handling uncertainty compared to the other counterpart methods. The performance results on real data
set show the superiority of the ANT2FIS model in the prediction process with an average accuracy of
94% (AUC 99%) compared to other related works. These results are promising for early prediction of
the natural disasters and prevention of its side effects.

doi: 10.5829/ije.2017.30.11b.16

1. INTRODUCTION

Unlike most other pollutants (Co, So,, No,), PM cannot
be characterized by time and space variations of the

Air pollution problem is a global problem that may
harm humans or other living creatures in the
environment. Prediction of air pollution is a universal
important issue because that the prediction of critical
events should guide decision making the polluted
weather is affecting public health and ecosystem. Air
pollution once thought of as entirely a localized issue,
and now is recognized as a complex and force major
problem which is also subjected to regional and global
influences. The motivation of this research is to assist
accurate and reliable prediction of AQI to improve
public health and to manage one of dangerous humanity
crisis, i.e., air pollution disaster. The most effective
substance in air pollution is the particular matter (PM).
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mass consolidation of a single compound [1]. Thus, the
different rate of air pollution in the ambient air makes
the modeling or prediction of air quality a more
uncertain process. PM can have classified into two
principal categories in size and morphology, PM 2.5
(diameter smaller than two micrometers) and PM 10.
The most difficult challenge in air quality prediction is
the behavior of PM on invariant weather and seasons.
Table 1 shows five main effective features on AQI.

2. TYPE-2 FUZZY SET THEORY

Type-2 fuzzy sets, generalized form of type-1 fuzzy
sets, are capable of handling uncertainty in complex
environments [2].
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TABLE 1. Feature description of the of AQI

Features Description

This is one of the causes for concern over the
Sulfur Dioxide environmental impact of the use of fuels as power
(SOy) sources. Breathing in SO, is attendant with
increased lung indications and disease

Inhalation of such particles may cause or worsen

Nitrogen respiratory  diseases such as emphysema,
Dioxide (NO,) bronchitis. It may also aggravate existing heart
disease

Carbon The health threat from CO at low levels is
Monoxide important for those who hurt from cardiovascular
(Co) diseases like angina pectoris

Particulate EPA grouped particle matter pollution into two
Matter (PM) classes: particles smaller than 10 um and 2 .5 pm

(PM10 and PM25)

The MF of a type-1 fuzzy set is a crisp number, while in
a type-2 fuzzy set (T2FS), the MF is a subset of a fuzzy
set and is itself fuzzy [3]. The mf of a type-2 fuzzy set
which is defined by the function, is called the secondary
MF of a type-2 fuzzy set [3] where a fuzzy set can be
well-defined, as the area of a secondary mf is called the
primary MF. As we said before, FOU is the two-
dimensional support of A, follow as [4]:

FOU (A) = {(x.w) € X x U|TA(x.u) > 0} @

In the Figure 1, the FOU primary membership functions
are shown.

The universal architecture of a T2FLS is shown in
Figure 2. The important components in the architecture
of a T2FLS: fuzzifier, rules, inference engine and output
producer, which contains a type reducer and a
defuzzifier. The inference engine combines rules and
gives a mapping from the input type-2 fuzzy sets to the
output type-2 fuzzy sets.

wlx, u)

(0

Figure 1. Footprint of Uncertainty Scheme (a) FOU with
primary membership at x’, (b) two possible secondary
membership functions associated with x’, and, (c) the resulting
3D type-2 fuzzy set [4]
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Figure 2. General Structure of Type-2 Fuzzy System [5]

Multiple antecedents are associated by the t-norm and
the membership of input and output sets are combined
using the sup-star arrangement. Multiple rules are
combined using the t-conorm operation [5].

2. 1. The Concept of Type-2 Anfis Classifier
Being static and non-flexibility are two major weak
points of a fuzzy inference system. The purpose of using
the artificial neural network (ANN) beside of the fuzzy
inference system is that neural networks are adaptive,
online and strongly capable to learn from previous
experiences. The hybridization of the type-2 fuzzy
system and neural network make a powerful tool for
handling uncertainty and dynamic conditions in an AQI
prediction model [5].

3. REVIEW OF RELATED INTELLIGENT MODELS
FOR AIR QUALITY PREDICTION

In this part, some articles are reviewed which used
computational intelligence methods for predicting,
analyzing, measuring and modeling the air quality index
problem.

A fuzzy based air quality index (FAQI) method for
air quality valuation has proposed by Sowlat et al. [6].
This study represents and validates such a fuzzy based
algorithm based on Mamadani inference engine with
one antecedent in rules. In this article, ten parameters
divided into two groups were selected to cover all
possible significant pollutants in the study area
according to their strengths along with their impacts on
human health. This article shows that an AQI based
only on measures air pollutants may not be typical of
the air quality. This brings about the need for a more
comprehensive index, involving all the major pollutants
and a boundary result in consequent part for uncertainty
in boundary decision making.

An adaptive neuro-fuzzy based modeling for
prediction of AQI has proposed by Yildirim and
Bayramoglu [7]. The proposed method which analyzes
the city of Zonguldak is a coastal town in Turkey.
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Their ANFIS model has created by the subtractive
clustering technique. First-order Sugeno model has
chosen as inference system and neural networks are
trained by the hybrid method. For defining membership
functions, they applied Gaussian type membership
functions. They found that the model is indicating
pleasant prediction limits between 75-90% and 69—
80% for SO, and TSP. They claimed that other
researchers cab uses a better training dataset to forecast
the AQI ranks with more accuracy.

In Ref. [8] they proposed three neural network
methods for nonlinear modeling and one technique for
linear for prediction of urban air quality in Lucknow
city (India). In non-linear methods, they used MLPN,
RBFN, and GRNN which are three of the most
generally used neural networks constructions in
literature for regression problems. They found that the
main advantage of a GRNN is the extremely rapid
training which does not need an iterative training
technique.

PM10 forecasting based on various soft computing
techniques has been proposed by Ababneh [9]. The
main goal of their research was to improve accurate and
effective air pollution predicting model for PM10
pollutants. As a base discipline, they used the artificial
neural network for forecasting PM10 index. For training
of system, they worked with general back-propagation
learning algorithm. Also, they used hyperbolic tangent
and linear activation functions for hidden and output
layers. The comparison of the reviewed method and
some other related works [10-12] bring it on Table 2
respectfully.

4. PROPOSED TYPE-2 ANFIS PREDICTIVE
CLASSIFIER

4. 1. The Structure of Type-2 ANFIS One of the
remarkable advantages of ANFIS systems is their
capability in creating the proper rules and membership
functions automatically, based on the input data used for
training [13].

TABLE 2. Comparison of related intelligent models for AQI

prediction

Methods Advantages Inputs  Outputs
New Type-1 Fuzzy _Reliable and 10 2
[10] interpretable.

A new method based  Determine the optimum

on ANFIS [11] number of fuzzy MFs. 18 8
ANFIS [12] Acceptable 7 2
performance
PLSR, MPR and Capture the non- 5 2
ANN [13] linearity in the data
Soft Computing [14] Tried basic methods 8 2
k-means clustering, Accurate in complex 2 5
ANN [15] time series analysis
Fuzzy Genetic [16] Evolutionary MFs 1 5

creation

Proposed Type-2 ANFIS can predict better results and

make a rational output for the unseen input data. The

structure of the proposed Type-2 ANFIS method has the

following steps:

1. The first layer is input variables.

2. The second layer involves of fuzzifies that drive

inputs to the type-2 fuzzy terms used in the

knowledge base (Rules).

The third layers include input MFs.

4. The fourth layer includes nodes demonstrating the
rules of the knowledge base (Normalization).

5. The fifth layer contains output terms MFs of type-1
fuzzy.

6. The sixth layer calculates the fuzzy output for the
output variables in whole system and aggregation.

7. The seventh layer takes in the defuzzification.

In the other side for defining the Antecedent MFs,
the primary MFs for every antecedent are FSs described
by Gaussian with uncertain means which is showed in
Equation (2) [14].

Ll

i12
i (X = exp [—; [t ] @
where, m;'( € [mf;l.m,‘;zj is the uncertain mean, with k
=1,2 (the number of antecedents) and i = (1,2, 3...)

(number of rules), and oy, is the standard deviation. The
means of the antecedent fuzzy sets are homogeneously
distributed over the whole input space.

4. 2. The Rules of Classifier Fuzzy inference is
the process of formulating the mapping from given
input(s) to output(s) using fuzzy logic [15]. The rules
are heuristically extracted after a long duration search in
main global space. One of the most effective steps in
this section is the tuning of rules. The genetic algorithm
(GA) was applied to make tuned rules as well as
possible. The tuning process in this work has five main
steps: handling inconsistent rules, management of
duplicate rules, redundancy management, handling
reduction and conjunction operators and linguistic
hedges. After some generation, 19 robust rules are
applied for the proposed classifier.
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To make the process robust and independent from
the weight choice for the fitness function, the type-2
fuzzy set theory goal was to dynamically adapt toward
the search direction in the space of solutions. The
selection structure was based on tournament technique;
but to avoid from high selection pressure, elitism
strategy was applied. In order to tackle the overfitting
problem, a post-pruning technique was used. The
structure of some rules used in rule-base as follows:

If PM-25 is " Low" and NO, is "low" then AQI is
"Good."

If CO is "Medium" and PM-2.5 is "Medium" then AQI is
"Unhealthy.”

If PM-2.5 is "High" and SO, is “Medium” then AQI is
"Unhealthy for Sensitive Groups."

If PM-10 is "Extremely High" and NO2 is “High” then
AQI is "Dangerous."

Figure 4 shows the Gaussian input MFs of the proposed
method.

The aim of the combination of neural networks and
the type-2 fuzzy set was to make a more transparent,
interpretable and accurate predictive classification
system. The type-2 ANFIS can predict better and make
a rational output for the unseen samples. The whole data
set was separated into three parts; training set,
validation set, test set. For this purpose, a 10-Fold cross
validation was used to validate the results and make the
classifier more reliable. The idea is to randomly divide
the data into 10 (K) equal-sized parts. It leaves out part
k, proper the model to the other K-1 parts (joint), and
then gets the prediction for the left-out k-th part. This is
done in turn for each part k = 1, 2, K and then the results
are combined. The block diagram of the classification
procedure is shown in the following diagram in Figure
5.

Variables

Classifier

- Type-2 Performance
Data- Data Pre | Anpsfor i m
Set P Processing Learning ™  Evaluation

Figure 5. The procedure of Proposed Type-2 ANFIS classifier

5. EXPERIMENTAL RESULTS (CASE STUDY-
TEHRAN PROVINCE)

To evaluate the performance of T2ANFIS method, a
case study was directed in Tehran, the capital of Iran.
Pollutant concentrations, including average of CO, SO,,
PM10, PM2.5, and NO, are daily measured in an
average of different sampling stations for the last five
years (2012-2017). The study results in high
concentrations of air pollutants, especially in the case of
pollutants mainly with automated-origin. The Tehran
municipality data set in the last five years has been
frequently used for the evaluation of classifiers. The
data set was monitored from 13 different stations in a
whole time-series duration based on daily records. The
data set used in this research contains 10213 samples.
The outputs of the classifier were defined as Good
(14%), Moderate (21%), Unhealthy for Sensitive Group
(32%), Unhealthy (21%) and Dangerous (12%).

5. 1. Air Quality Index (AQI) In this study, five
major air pollutants (CO, SO,, PM10, PM2.5, and NO,)
were considered. Their concentrations are classified into
five different categories according to frequency
breakpoints. Table 3 shows the five main classes of AQI
for input variables.

5. 2. Performance Evaluations In order to
evaluate the performance of the proposed model for
AQI index prediction, a ROC curve analysis was
conducted. The AQI problem is a multi-class
classification, because of high dimension and massive
complexity of surface under the curve (SUC) is used
binaries technique (One Vs. One) to report the average
of five class as a ROC curve [16]. In order to estimate
classification accuracy through ROC curve analysis
method as a widely accepted standard for performance
evaluation of the classification models. To avoid from
over-fitting and over-learning in the proposed method,
the cross-validation strategy is used to handle the
probable issue. Figure 6 shows the precision of the
proposed classifier for AQIl measurement in a daily
time-series.

TABLE 3. Classification levels of Air Quality of Input
Parameters and Variables [17]

Inputs Low Mid High Very High
NO, 0-0.105 0.10-0.21 0.21-0.31 0.31-0.42
SO, 0-0.065 0.06-0.13 0.13-0.19 0.19-0.26
Cco 0-5.50 5.51-11 11-16.50 16-22
PMyo 0-60 61-120 121-220 221-320
PMzs 0-15.4 15.5-40.4 40.5-65.4 65-150
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= a2

Figure 6. Precision measurement of output classifier in

compare with system targets

Figure 7 shows the ROC curve of the proposed method
in compare of our earlier work (Type-1 ANFIS) while
using the same dataset. The type-2 ANFIS is obviously
had better performance compare with the standard type-
1 ANFIS classifier, where p (i) AND p (J) are the means
ROC curve accuracy of the 10-fold cross-validation as
follow as Equation (3) [18]:

Hi = 35 I, AUC ©)

In Table 4, a comparison of the proposed method and
earlier works for AQI prediction with different number
of input variables are presented.
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Figure 7. ROC Curve for proposed method and earlier authors
work

TABLE 4. Comparison of proposed methods of AQI
Prediction (NP*: Not Reported, CI**: Confidence Interval)

Method Inputs  Evaluation Accuracy % Cl**
Type-1 Fuzzy *
b 10 FSE 89 NP
ANFIS [14] 7 RMSE 20 NP
PLSR,MPR[12] 6 MSE 89 NP
ANN Methods

i 6 RMSE 88 NP
Type-1 Fuzzy (s 5 ROC Curve 87 [74, 88]
Work)

Type-1 ANFIS 5  ROC Curve 90 [90.1, 94]
(This Work)

Type-2 ANFIS 5 ROC Curve 94 [903,94]

(This Work)

The type-1 fuzzy classifier, Type-1 ANFIS and the
type-2 ANFIS classifier are our works, respectfully
compared with other related works.

6. CONCLUSION

This study presented an adaptive Neuro- Type-2 Fuzzy
inference model to estimate the AQI factors over an
urban area such as Tehran. The ANT2FIS approach for
air quality index is capable of predicting other uncertain
and imprecise conditions such as natural phenomena
environment. To evaluate the methodology, it is applied
to the Tehran standard AQI data set for the last five
years. The average accuracy of type-2 ANFIS classifier,
using five input variables and after applying a 10-fold
cross-validation, was 94% with a 95% confidence
interval (CI) of [90.33 94], which is comparative the
average outcome of the earlier methods. Furthermore,
the ANT2FIS has shown a good trade-off between
accuracy, precision and interpretability in a complex
dimensional phenomenon. The proposed method has the
competence to accomplish more uncertainties in all part
of prediction system and is appropriate for pattern
classification problems when have noisy training and
imprecise data set or lack of expert’s knowledge. Our
future work is to design an automatic adaptive and self-
adaptive rule extraction model from the input data set
for AQI prediction problem to reduce the number of
rules and its complexity based on type-2 evolutionary
algorithms.
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