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Introduction: The estimation of air pollution level is well indicated by Air
Quality Index (AQI), which tells how unhealthy the ambient air is and how
polluted it can become in near future. Hence, the predictions or modeling of
AQI is always of greater concern among researchers and this present study aims
to develop such a model for forecasting the AQI.

Materials and methods: A combination of Artificial Neural Network (ANN)
and Fuzzy logic (FL) system, called Adaptive Neuro-Fuzzy Inference System
(ANFIS) have been considered for model development. Daily air quality data
(PM,  and PM, ) and meteorological data (temperature and humidity) over a
period of March 2020 to March 2021 were used as the input data and AQI as
the output variable for the ANFIS model. The performances of models were
evaluated based on Root Mean Square Error (RMSE), Regression coefficient
(R?) and Average Absolute Relative Deviation (AARD).

Results: A total of 100 datasets is split into training (70), testing (15) and
simulation (15). Gaussian and Constant membership functions were employed
for classifications and the final index consisted of 81 inference (IF/THEN)
rules. The ANFIS Simulation result shows an R? and RMSE value of 0.9872
and 0.0287 respectively.

Conclusion: According to the results from this study, ANFIS based AQI is a
comprehensive tool for classification of air quality and it is inclined to produce
accurate results. Therefore, local authorities in air quality assessment and
management schemes can apply these reliable and suitable results.
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Air Quality Index (AQI) is a daily average effect
of ambient air pollutants measured at monitoring

Introduction

The tremendous growth of industrialization and
urbanisation, particularly in developing nations,
has resulted in higher levels of air that have
deleterious effects on physical, biological, and
economic systems. CO, SO, NO_, SPM, O,,
particulate matter (PM,,, PM, ) and other air
pollutants that are detrimental to the human
health can be found in contaminated air [1]. The

stations and calculated using an index or grading
scale. They categorize air quality based on the
concentrations of various contaminants and
describe it with AQI is a critical tool for the
general population to understand how poor or
excellent the air quality is for their health in a
simple manner As a result, air quality models
are crucial in estimating the quality of the
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atmosphere since they provide more domain
knowledge and more accurate forecasts [3]. Air
pollutant prediction models can provide early
warnings, and their efficient use can reduce
the number of monitoring and data collection
stations by a significant amount [4].

This paper uses Adaptive Neuro Fuzzy
Inference System (ANFIS) that eliminates the
basic problems in Artificial Neural Network
(ANN) using the learning potentiality of
fuzzy system design for automatic if-then rule
generation and parameter optimization. The
combination of ANN and Fuzzy system is
called the Neuro fuzzy system. ANFIS is the
hybrid approach of neural and fuzzy system
has better smoothness than ANN. Several
research have been conducted to analyze air
quality using the fuzzy inference system, an
analytical tool was first described, but later
applied to environmental challenges like air
quality evaluation [5]. Later in a study, the air
pollutants such as Particulate Matter (PM, ),
Ozone (O,), Carbon Monoxide (CO), Sulphur
Dioxide (SO,) and Nitrogen Dioxide (NO,)
were taken as inputs and the air quality index
was predicted as good, moderate, or unhealthy
air by the ANFIS system [6]. The authenticity
of various soft computing approaches such
as artificial neural network (ANN), Support
Vector Machine (SVM), evolutionary ANN
and SVM, the fuzzy logic model, neuro-fuzzy
systems, the deep learning model to predict the
AQI were reviewed and discussed [7].

Furthermore, the authenticity of fuzzy logic
modeling in forecasting the daily maximum O,
concentration levels in Santiago, Chile were
demonstrated [8]. The concentration of various
pollutants such as carbon monoxide (CO), nitric
oxide (NO), PM, , (particulate matter) and PM
collected in Datong, Taiwan were predicted
by using Genetic Algorithm-Back Propagation
Neural Network (GA-BPNN), Support Vector
Regression (SVR), Extreme Learning Machine
(ELM) and WELM (Weighted Extreme Learning
Machine) — ANFIS [9]. As a result, various

research using a fuzzy inference method to
develop new air quality indices have been
conducted. For example, in a study, the data for
concentrations of sulphur dioxide were collected
from 15 selected points of Konya city to predict
the air quality using ANN and Fuzzy inference
system [10]. From the above results, it is very
clear that fuzzy inference system is an apt tool
for air quality assessment.

The majority of the studies on air quality
forecasting in the literature have been done
for specific air contaminants. The principal
focus of the present study is to create models
for predicting daily air quality indices, which is
based not only on the major air pollutants such
as PM,, and PM  but also the meteorological
parameters such as Temperature and Humidity
on the AQI of Tamil Nadu. The developed model
will furnish timely information to the public
so that they can take precautionary actions to
fortify their health. Therefore the objective of
the present study is to forecast the AQI using
ANFIS model (MATLAB R2020a) by taking
PM, ,, PM, , temperature and humidity to be the
input parameters and to study their combined
effect on AQI as a case study conducted in Tamil
Nadu, the Southern state of India. This approach
can be globally used as an integrated tool for
air quality assessment and management by local
authorities [11].

Study area

Tamil Nadu (11.1271° N, 78.6569° E) is one of
the southern states of India, spread over an area
of 130,058 km? with 6.79 crore inhabitants as of
2021. Nearly 26 million automobiles ply Tamil
Nadu roadways as a result of the enormous
number of industries and exodus of people
from bordering states. Its rapid population
increase, combined its rapid economic growth,
has concluded in an ever-increasing demand for
transportation, striking unnecessary force on the
city's current transport networks. Tamil Nadu's
cities face severe transportation management
issues, resulting in severe air pollution.
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Materials and methods

Dataset

In this study, daily air quality PM, ; and PM  and
meteorological data (temperature and humidity)
over a period of March 2020 to March 2021 was
used as input data and AQI as the output variable
for the ANFIS model. The AQI categories and
their standard quality intervals are given in Table
1. For air quality evaluation; fuzzy linguistic
terms and numerical intervals have been used to
identify these AQI categories.

Modeling using ANFIS

ANFIS is used to formulate a heuristic
pattern between the input-output according to
the initial given fuzzy system and available
input-output data pairs by employing
learning methodologies [12]. The most

pre-dominantly employed Fuzzy Inference
Systems (FIS) which are used in diverse
applications are the Mamdani inference
system and Sugeno inference system. The
MATLAB R2020a package was applied to
develop the models, and the modeling was
performed in two stages: training and testing.
In this work, 70% of the dataset is employed
to train models and the remains, 15% is used
for testing the models and the remaining
15% 1is used for Checking (Simulation). The
training stage is a great step in the formation
of networks. After developing the target
network, the testing data is then applied to
the network in order to obtain the results of
the testing stage. It is essential to go for the
pertinent sample for training and testing in
order to reduce the prediction error [13]. In
the present work ANFIS is constructed using
Sugeno fuzzy model is shown in the Fig. 1.

Table 1. Air Quality Index ranges

AQI categories

0-50
51-100
101-200
201-300
301-400

401-500

Quality levels of health concern

Good
Moderate
Poor
Unhealthy
Severe

Hazardous

PMZ.S

e

.--"""'-—._

PMI10

Temperatume

Untitled

uh

Humidity

Air_OQuaity_Index

Fig. 1. Sugeno fuzzy model
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The representation of rules for Sugeno fuzzy
inference system is as follows.

Rule 1:IfxisA andyis B ,thenf =p x+q,y +r, (1)
Rule2:Ifxis A andyis B, thenf, =p x+q,y+r, (2)
Where, x and y are the two inputs. A, B are the

membership function. p, q, and r linear parameter.
1,2, represent the number of rules [14].

Evaluation of model performances

The performances of models were evaluated
based on Root Mean Square Error (RMSE),
Regression coefficient (R2) and Average Absolute
Relative Deviation (AARD). The calculation for
the estimation of above is given in Egs. 3, 4, and
5 [15].

RMSE = \/(%) évzl(lezxp _ Xipredicted)z 3)

N exp predicted o
_ Zi=1 (Xi _Xi )

2
k=1 T (x P -xexp)2 @

Xexp _Xipredlcted

100 v
: Xiexp (5)

AARD = =23,

Results and discussion
ANFIS modeling

AQI was taken as the output parameter, as the
principal focus of this analysis is to forecast the
AQI of the various regions in Tamil Nadu, while
PM, , PM, ,temperature and humidity were taken
as the input parameters. It is mandatory to fix
the number and type of Membership Functions
(MF), as well as the number of iterations, in
order to employ the ANFIS model. In the present
study the Gaussian membership function is
employed for the input parameters because of
their smoothness, concise notation and better
prediction results compared with the other
membership functions. The values of the input
and the output membership functions are given
(see the supporting information file).The ANFIS
parameters for this study is shown in Table 2.
These parameters are selected based on trial-and-
error process [16]. The main advantage of Sugeno
Fuzzy Inference System is that they give a more
accurate relationship between a larger number of
outputs and inputs.

Table 2. Details of the ANFIS for predicting the AQI

Type
Fuzzy structure
MF type
Output MF
Number of fuzzy rules
Number of inputs
Number of outputs

Training maximum epoch
number

Description/Value
Sugeno-type
Gaussian (gaussmf)
Linear
81

4

1000
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The ANFIS model may be effectively trained by
normalizing or scaling the values. The boundary
is [0 1], and variables are scaled in this boundary
via mapping. Min Max Eq. 6 is used to normalise
the outputs and inputs:

X'~Xmin (6)

Xmax—Xmin

Xn =

Where X X . and X are maximum, minimum
and normalized data for every parameter.

A total of 100 datasets is split into training
(70), testing (15) and simulation (15). ANFIS
parameter assessment for training, testing and
checking data sets are shown in the Table 3.

Table 3. ANFIS parameters assessment for training, testing and checking data sets for AQI

Parameter Training dataset Testing dataset Simulation

dataset

RMSE 0.0138 0.0326 0.0287

R? 0.9345 0.9263 0.9842

AARD 0.0943 0.0834 0.0726

PM2.5=20 PM10 = 68 Temperature = 28.5 Humidity =43.5  Air_Quality_Index(AQI) =-1.39¢+0
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Fig. 2. Rules used in ANFIS for input parameters (PM

PM, , temperature and humidity), and output

2572 10°

parameter (AQI)
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Fig. 3. Surface plot of the AQI with respect to PM

Simulation using ANFIS model

ANFIS simulation rules are added in the rule
editor using the “IF”, “THEN” rules. The rules
are formed by the input pollutants and air quality
is obtained by various stages of air pollution is
shown in Fig. 2 [17, 18]. For example

1. IF PM,, is LOW and PM, is LOW and
Temperature is MEDIUM and Humidity is LOW,
THEN the air quality index is GOOD.

2. IF PM, , is MEDIUM and PM  is HIGH and
Temperature is MEDIUM and Humidity is HIGH,
THEN the air quality index is POOR.

Similarly the other rules are formed and included
in the ANFIS.

y_Index(AQl)

Air_Qualit

y_Indox(AQl)

Alr_Qualit

®

PM

temperature and humidity

2.5 10°

The dependence of the input variables on the
output response (AQI) is shown in Fig. 3. In
Fig. 3a, the surface plot depicts that the AQI less
than 8 can be obtained when the particulate matter
PM, ; lies between 7 to 15 and PM | lies from 8 to
20. Itis evident that the AQI increases considerably
with the increasing value of PM,  and PM, . Fig.
3b shows the surface plot for the interaction effect
of PM, and temperature on AQI. The surface plots
showed that the AQI less than 11 can be obtained
whenPM, , lies from 7 to 12 and temperature
lies from 27 °C to 30 °C. This shows that AQI
increases with increasing PM, .The combined
effect of PM, ; and temperature is shown in Fig.
3c. It is observed that the increase in PM, , the

2.5%
AQI increases and then remains constant. Fig. 3d
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shows the interaction effect between temperature
and humidity. It is noticed from the figure, at lower
temperature, the AQI almost remains constant,
further increase in the temperature causes the AQI
to increase. Similar observation was also noticed
from Fig. 3e which shows the interaction effect of
PM, ; and humidity. The combined effect of PM
andhumidity was shown in Fig 3f. It is perceived
that as shown in Fig. 3e and Fig. 3f with the increase

in PM,  the AQI remains almost constant and then
increases to the maximum with further increase
in PM, jand humidity [19, 20]. Table 4 depicts the
Input datasets taken for the simulation along with
the actual and prediction results.Fig. 4 depicts the
regression analysis of thr Actual vs Predicted AQI
data. It is very clear that Actual and Predicted AQI
data are in good correlation with each other having
R?=0.9842.

Table 4. ANFIS simulation predicted results

Temperature Humidity AQI AQI AQI
S.No PM; 5 PM;o

(°C) (%) (actual) (predicted) (predicted

range)

1 7 7 34 55 43 42.24 Good
2 17 21 34 55 64 63.17 Moderate

3 5 8 30 72 32 33.24 Good

4 5 18 33 56 37 37.73 Good

5 5 7 31 64 39 42.72 Good
6 11 17 35 45 67 69.28 Moderate

7 59 71 34 50 134 131.89 Poor
8 13 25 34 55 73 74.28 Moderate

9 10 18 34 53 42 43.75 Good
10 79 94 29 69 233 233.24 Unhealthy

11 5 7 33 52 24 25.34 Good

12 10 14 32 54 45 44.76 Good
13 17 24 33 53 123 122.86 Moderate

14 57 46 32 61 57 58.24 Poor

15 4 6 31 64 36 37.23 Good

http://japh.tums.ac.ir



168 H. Uthayakumar, et al. Forecasting of outdoor air quality index ...

]

]

=]
1

100

AQI Predicted

[:I I I
0 50 100

150 200 2350

AQI Actual

Fig. 4. Prediction of AQI using ANFIS

Conclusion

In this study, ANFIS model was used for
forecasting AQI in Tamil Nadu, India. A total
of 100 datasets with PM, ., PM , temperature
and humidity was taken as input variables
and AQI as output response. Gaussian and
Constant membership functions were used
as the input and output membership function
for 1000 epochs of iterations. The proposed
ANFIS model showed good performance for
AQI forecasting. The simulation using ANFIS
results shows higher correlation coefficient
of 0.9842 and an RMSE value of 0.0287.
Hence it is concluded form the present study,
ANFIS model for forecasting the AQI is
good and therefore can be considered, useful,
reliable, and comprehensive tool in air quality
assessment and management schemes.
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