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Abstract: Nowadays, the levels of air pollutants in the 

environment are increasing manifold. This has led to 

deterioration of human lifestyle. Various methods like 

‘Climatology’ (based on the assumption that the past is a good 

predictor of the future) have been used for air quality forecasting. 

These approaches are usually used to predict exceeding limits 

from specific thresholds, not ambient concentrations. As a result, 

a lot of improvement is still required in this field for prediction 

analysis. With incomplete data parameters and their significance 

(priority), most of the methods fail to predict the pollution levels 

significantly. The advantage of artificial neural networks includes 

the problem-solving efficiency in the cases of unavailability of 

complete information, with no information about the analytical 

relationship among the input and processed output data. The aim 

is to develop an artificial neural network for air quality prediction 

that can perform with constrained dataset with highly robust 

feature in order to handle the data including noise and errors. 

Dataset used deals with pollution in the U.S. involving four major 

pollutants (Nitrogen Dioxide, Sulphur Dioxide, Carbon 

Monoxide and Ozone) on daily basis for the time period of year 

2008 to 2017. We use prediction models like ARIMA etc. to 

validate our predicted AQI. This AQI analysis helps in telling the 

status of present air pollution and forecasted pollution levels in 

coming time. So, it plays a vital role for decision maker and for 

individual also to know about air pollution quality. 

 

Index Terms: Artificial neural network; Environmental 

engineering; Air Quality index; ARIMA; Forecasting.  

I. INTRODUCTION 

A. General Introduction 

The alarming rise in the air pollution level can be defined as 

one of the most threatening problem in urban settlements in 

the current scenario. The rise in the permissible 

concentrations of different pollutants are observed in past few 

years, adding up to the increasing pollution level. As a result, 

affecting the weather conditions in unfavorable manner and 

the formation of smog phenomena. As a fact, the affected air 

quality level in the atmosphere impacts health of individual 

badly and may imbalance in its economy. One of the major 

issues faced by the urban settlements are the diseases caused 

due to the rising pollution level. One of the major aspects of 

air quality monitoring practiced in the urban settlements 

includes detection of crossing the permissible pollutant 

concentrations. Knowledge of reliable forecasts occurrences 

of high air pollution levels would allow taking preventive 

actions. The natural phenomena conclude a time series with 

some degree of randomness. The different pollutants present 

in the atmosphere can be observed dispersed or concentrated 

 
Revised Manuscript Received on December 22, 2018.  

Rajeev Tiwari, Dept. of Virtualization, SCS/ UPES, Dehradun, India. 

Shuchi Upadhyay, Dept. of Virtualization, SCS/ UPES, Dehradun, India 

Parv Singhal, Dept. of Virtualization, SCS/ UPES, Dehradun, India. 

Ujla Garg, Dept. of Virtualization, SCS/ UPES, Dehradun, India. 

Shefali Bisht, Dept. of Virtualization, SCS/ UPES, Dehradun, India. 

during varied time periods. As per the previous studies 

(Giorgio and Piero, 1996) the data of ambient air quality can 

be framed as stochastic time series, thereby helpful in 

estimating a short-term forecast on the basis of previously 

collected historical data. However, time-series models are 

preferred over the ambient air pollution methods of 

forecasting, the variations of pollutant level are generally 

observed as not as it is a simple autoregressive model, using 

moving average predictions. Time series is effective during 

consistent intervals of time, it may not be effective during 

varied intervals of data. Then it needs model parameters 

adjustment. These are the difficulties one may face by using 

time series prediction. 

Forecasting Methods to address the problem 

One of the most commonly used forecasting methodologies 

are numerical and statistical models. Numerical models 

generally work on some specific sections of data. It may 

require extra information about compositions of gases, and 

other processes in atmospheric layers. The major drawback 

over this requirement is that this critical information is often 

not available to full extent. Thus, approximations and 

simplifications are often used in the modelling process. In 

contrast, statistical models usually operate over a large 

measure of collected data under a large variation of 

atmospheric conditions. By using the regression and machine 

learning techniques, a collection of functions can be evaluated 

and utilized in order to fit the data of pollution as the selected 

predictors. The different pollutants present in the atmosphere 

can be observed dispersed or concentrated during varied time 

periods. As per (Giorgio and Piero, 1996), data can be 

considered as stochastic time series, thereby helpful in 

estimating a short-term forecast on the basis of previously 

collected historical data. 

B. Artificial Neural Networks 

Artificial Neural Networks (ANNs) are a part of Statistical 

models. Apart from air prediction, they are also used in other 

branches of environmental sciences, business, medicine, 

industry etc. Artificial Neural Networks are famous for their 

ability to work with unknown relationships where we only 

have the input variables to get the output. They can be further 

divided into many types based on structure and principal of 

operation, one is multi-layer perceptron (MLP) which is fully 

connected feed-forward networks and other is radial basis 

function networks (RBF). A basic neural network consists of 

one Input Layer, one or more Hidden Layers and only one 

Output Layer.  
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These layers are made up of neurons (interconnected nodes).  

As the name suggests, input layer is used to insert data into the 

system, hidden layers(s) is(are) used to calculate the 

intermediate data required to calculate the final solution and 

the output layer which gives us the final predicted solution. It 

resembles the structure of the neural network inside our brain. 

The process of defining a multiple level neural networks 

consists of first defining the number of layers and their 

respective number of neurons. The input layer will contain as 

many neurons as the number of feature component vectors. 

Hidden layers depend on the complexity of the problem: the 

more the complexity more the hidden layers. However, most 

of the classification problems can be solved using one hidden 

layer. At the end, the number of neurons in the output layer is 

equal to the number of output data variables (in the prediction 

data). 

C. ARIMA Prediction Model and Time Series 

ANNs can be used to predict future values but for that they 

need input values of the. These values can be monitored using 

sensors which take readings on a daily basis or we can predict 

future input values by applying time series to the dataset. 

There are many existing time models that are used for this 

purpose. One of them is ARIMA. It uses auto regressive 

moving average for its prediction. This model is fitted to time 

series data either to better understand the data or to predict 

future points in the series(forecasting). 

 

Figure 1 A three-layer neural network perceptron [1] 

 

 

Figure 2 Adaptive Linear Neuron 

 

II. PROBLEM STATEMENT 

To estimate the air pollution level using past data-set and to 

predict the increasing pollution levels after a specific time 

period. 

III. CONTRIBUTION 

 Designing ANN Model 

 Training and validation of Model using 70-30Method. 

 Prediction of four components using prediction models like 

ARIMA etc. and pollution levels.  

IV. PROPOSED WORK 

In this work, MADALINE (Multiple Adaptive Linear 

Neuron) model to build the neural network. MADALINE is a 

multiple layered neural network with a combination of 

multiple nodes where multiple inputs are forwarded via input 

and hidden layers to generate one output. Considering the 

following variables: x as input vector, w as weight vector, n as 

number of inputs and y as output of the model. The final 

output as per the ANN model is defined as the given equation: 

          
  

Considering some assumptions: 

l as learning rate (some positive constant), y as output of the 

defined ANN model and o as target (desired) output 

The equation to update the weights after each iteration is 

define as: 

 

 
 

The MADALINE model converges the result to the least 

squares error: 

 

 
 

The step-wise procedure for training the designed neural 

network is: 

Algorithm: 

Step 1: Extraction of historical dataset  

Step 2: Data preprocessing and normalization 

Step 3: Define Neural Network Structure and objectives  

Step 4: Divide dataset in 70:30 ratio 

Step 5: Select input and output parameters 

Step 6: Present data to the environment to the neural network 

Step 7: Train the neural net with 70% data 

Step 8: Calculate the neural network response and the error                                                             

Step 9: If (Response within acceptance criteria): Neural 

Network has learnt from the environment. Go to step 10 

                    Else: 

               Reconfigure the neural weights Go to step 7. 

Step 10: Test Neural Network to verify it  

Step 11: Input rest 30% data for testing 
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Figure 3 Complete work flow of our proposed work 

 

In the initial step, designing was the extraction of a historical 

dataset according to our requirements that would be used   to   

train   the   neural   network.    The   dataset   selected was 

sourced from the United States Weather Department 

“https://aqs.epa.gov/aqsweb/airdata/download files.html” 

which in- cluded data from 2000-2017 of various counties of 

the US. Every record of the data consisted of 3 measured 

values of each pollutant (SO2, O3, CO2, NO2) that were 

Mean value, 1st Max Hourly Value and 1st Max Mean value. 

Then data pre-processing and normalization is done in step 

2nd.The data was cut down to 2008-17 having a frequency of 

1 reading per day for the Arizona county. The dataset was 

further processed in order to eliminate noise and resolve 

inconsistencies. This was done in order to reduce the 

complexity of the data. Then Neural Network Structure is 

defined in step 3. After the data was ready to be used the 

neural network was designed and modeled. The Neural 

Network is modeled including 3 layers: An Input layer, 1 

hidden layer and an output layer. The input layer is defined 

over the inputs as the parameters for the evaluation of result. 

The hidden layer includes the intermediate nodes where 

artificial neurons take in a set of weighted inputs and produce 

an output through an activation function. 

Now data is divided into dataset in 70:30 ratio 

The dataset was divided into a 70-30 model where 70% data 

would be used for training the neural network and the 

remaining 30% would be used for validation. 

Now select input and output parameters 

The input layer is defined with 4 nodes: Bias, Mean value, 1st 

Max Mean and 1st Max Hourly value. The output layer 

consisted of a single output node that gave the predicted 

output in form of Air Quality Index (AQI) value, describing 

the pollution level of the specific pollutant as per the given 

parameters. 

Data is offered to the environment to the neural network in 

step 6. The data set is presented to the neural network in a 

tabulated format with attributes as Mean value, 1st Max Mean 

and 1st Max Hourly value and each row defining values for 

different single days. 

 

Train the neural net with 70% data as shown in step 7. 

After the designing of the neural network and data 

preprocessing 70% of the dataset was fed to the neural 

network in order to train it. In next step, calculate the neural 

network response and the error After each iteration, neural 

network response and minimum squared error (MSE) was 

collected. The AQI value as the output calculated for every 

pollutant separately. The AQI value calculated is then 

compared to the available AQI value from dataset and 

processed to evaluate the minimum squared error (MSE). 

Response within acceptance criteria is selected in step 9. 

Neural Network has learnt from the environment and now can 

move on step 

10. Otherwise reconfigure the neural weights and go to step 7. 

After the complete iterations the MSE is compared to the 

standard de- fined as the minimum value, if the condition is 

fulfilled, the weights are stored and the neural network is 

trained. Then proceed to the test phase of neural network as 

per the stored weights of nodes. In order if the MSE error 

achieved not meet the minimum condition, the neural weights 

are reconfigured and trained. 

Now Input rest 30% data for testing in step 10. After the 

training of the neural network and evaluating the weights for 

the neural net, it was tested and validated using the remaining 

30% dataset by exposing the dataset corresponding to the 

evaluated weights. 

In Step 11, If (MSE acceptable): Neural Network successfully 

test- -ed then move to step 12, otherwise Neural Network 

failed to validate Terminate 

For testing of the neural net If MSE achieved is acceptable 

then the neural network has been successfully validated and 

can be used for future prediction else it has failed validation 

and the process is terminated. ARIMA model for time series 

forecasting is used in step 12th. If the model is successfully 

validated then the next step was to implement time series 

forecasting using ARIMA model over the entire data and get 

input parameter values for the desired time period. This was 

done using Python scripts which used libraries like pandas, 

NumPy, scikit etc. 

 

 

Figure 4 Used Neural Network with hidden layer 
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Now get predicted air pollutant AQI. 

The predicted input values were fed to the trained and 

validated neural network which gave the final predicted 

output. 

V. IMPLEMENTATION 

This research work is divided into five different sections of 

implementations for getting results and accuracy: 

A. Data Acquisition and Filtering 

During this phase, data retrieval for the training of neural 

network was practiced. The dataset being used is US 

Pollution Data (2000- 2016). It shows the daily readings 

(Mean, First Max, Max Hourly, AQI) of 4 major pollutants: 

NO2, CO, SO2, O3.  The source of the data is US EPA. The 

data was filtered and brought down to 2010-16 as 16 years’ 

data wasn’t possible to be processed with basic computation 

power. 

B. Build Neural Network 

Here a feed-forward artificial neural network (ANN) model is 

created to predict the Air Quality Index (AQI) for a specific 

region. We designed and implemented a multi-layer 

perceptron (MLP) with a single input layer, one output layer 

and one hidden layer. The single hidden layer architecture 

was designed for the purpose of reducing the complexity of 

the neural network, and increasing the required computational 

efficiency. The three-pollutant metrics i.e. Mean, First Max 

Hour and First Max Value were selected as the input 

parameters and AQI as the output parameter. As artificial 

neural network works by using inputs and output data, then it 

compares input and take feedback from outputs, so that 

correct selection of the data set is very important in building a 

model of neural network. 

C. Train Neural Network 

In this module, the model proposed above was implemented 

using java on Netbeans IDE. 70% of the data was used to train 

the network. 

 

 
 

Figure 5 Initial weights for Input layer of Neural Network 

A. Validate Neural Network 

In this module, validation of the model took place. 30% of the 

data i.e. remaining data was used to do the final validation of 

the network. 

B. Component Prediction using ARIMA 

This module consists of the use of ARIMA prediction model 

and Time Series to forecast the future input values. These 

values were inputted into the network to get the final output 

values of AQI. 

 

 
 

Figure 6 Initial weights for Hidden layer of Neural Network 

 

 
 

Figure 7 Weights for Output layer of Neural Network 

 

 
Figure 8 Adaline Trained Weights of Input Layer 
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Figure 9 Trained hidden layer Weights of Input Layer 

 

 
 

Figure 10 Trained output layer Weights of Input Layer 

 

 
 

Figure 11 Results Output through Adaline 

 

 
Figure 12 Mean Square error Values 

 

VI. RESULTS 

A. Result Graphs 

The result graphs were plotted using the scikit library of 

Python. The graphs show the trends in AQI over the years and 

the forecasted values for each input parameter. 

B. AQI Plots 

The AQI plots show the trend in the Air Quality Index of each 

pollutant over the course of 10 years (2008-2017). These 

trends were used to forecast future values of AQI using the 

trained neural network. From the NO2 AQI graph, it can be 

seen that the AQI first increases and reaches a maximum and 

again increases before reaching a minimum. At the end of the 

year it dips down after achieving another maximum. In the CO 

AQI graph it can be seen that the AQI starts at high point in 

the year which gradually goes down as the year goes on. At 

midyear it again starts climbing and ends at a maximum. In the 

O3 graph it can be seen that the year starts at a low point 

which gradually increases as the year goes on. At mid-year a 

maximum is achieved following which AQI again starts going 

down till the end of the year. In the SO2 AQI plot the AQI 

from a local maximum and decreases till midyear. It then 

again increases till the end of the year. From these graphs it 

can be inferred that AQI for each pollutant followed a yearly 

trend with a slight variation in SO2 in the year 2009 (AQI 

achieves a global -maxima which is almost 3.5 times that of 

local maximums achieved each year). 

 

 
 

Figure 13 AQI Index of NO2 

 

 
 

Figure 14 AQI Index of  CO 

 

 
Figure 15: AQI Index of O3 
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Figure 16 AQI Index of SO2 

C. Forecast Graphs 

Each graph shows the forecast of each input parameter for all 

the pollutants (NO2, CO, O3 and SO2) calculated using 

ARIMA prediction model for the first week of April 2018 

(01-04-2018 to 07-04-2018). These predicted values were 

used to forecast the final end AQI for each pollutant. The 

parameter values are stored as the parts per million form. 

D. Forecast Graphs for NO2 

The following three graphs show forecasted values of three 

different parameters i.e. Mean, 1st Max and 1st Hourly Max 

for a week (01-04-2018 to 07-04-2018). The first graph shows 

1st Max value of NO2 while second one shows 1st Hourly 

Max and the third one shows the mean value in parts per 

million (ppm) corresponding to each day of the week (fig. 17, 

18 and 19). 

 

 
 

Figure 17 Forecast week NO2 max1 

 

 
 

Figure 18 Forecast week NO2 max2 

 

 
 

Figure 19 Forecast week NO2 Mean 

 

E. Forecast Graphs for CO 

The following three graphs show forecasted values of three 

different parameters i.e. Mean, 1st Max and 1st Hourly Max 

for a week (01-04-2018 to 07-04-2018). The first graph shows 

1st Max value of CO while second one shows 1st Hourly Max 

and the third one shows the mean value in parts per million 

(ppm) corresponding to each day of the week (fig. 1, 22 and 

23). 

 
 

Figure 20 Forecast week CO max1 

 

 
 

Figure 21 Forecast week CO max2 
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Figure 22 Forecast week CO Mean 

F. Forecast Graphs for O3 

The following three graphs show forecasted values of three 

different parameters i.e. Mean, 1st Max and 1st Hourly Max 

for a week (01-04-2018 to 07-04-2018). The first graph shows 

1st Max value of O3 while second one shows 1st Hourly Max 

and the third one shows the mean value in parts per million 

(ppm) corresponding to each day of the week (fig. 23, 24 and 

25). 

 
 

Figure 23 Forecast week O3 max1 

 

 
 

Figure 24 Forecast week O3 max2 

 

 

 
 

Figure 25 Forecast week O3 Mean 

 

 
 

Figure 26 Forecast week SO2 max1 

 

 
 

Figure 27 Forecast week SO2 max2 

 

 
 

Figure 28 Forecast week SO2 Mean 

 

 

 



 

Air Pollution Level Prediction System 

8 

Published By: 

Blue Eyes Intelligence Engineering 

& Sciences Publication  Retrieval Number: F12100486C19/19©BEIESP 

VII. CONCLUSION 

The neural network model for the forecasting of AQI is 

sufficiently effective. The values of Mean Square Error 

(MSE) (in order of 10-8) prove the adequacy of the offered 

model. There is also a possibility of further refinement in the 

results if additional parameters are also included in the daily 

experimental data.  
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