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Abstract— The main aim of this project is to teach the computer to recognize patterns in air 
quality data, such as how pollution levels change over time. We use the LSTM network to make 
sense of different things like pollution amounts, weather conditions, and past AQI numbers.  
What makes this model smart is that it improves at understanding the air by looking at a lot of 
data. It can handle the tricky and ever-changing nature of the atmosphere. The computer learns 
from what happened before and adjusts to what's  going on right now, which is super useful for 
predicting air quality in the future.  
Utilizing deep learning's predictive powers to improve AQI forecast accuracy is the main goal of 
this research. The LSTM model exhibits higher adaptability to the dynamic character of 
meteorological circumstances by assimilation of complex patterns included in the air quality data. 
The model learns the intricate correlations between different contaminants, climatic variables, 
and AQI through extensive training. But this study isn't just about computers and data; it's about 
making our cities and lives better. The computer predictions can help our leaders make wise 
decisions to protect our health, especially in busy cities. It's like having a friend that always 
watches out for us, letting us know when things might not be great so we can make changes and 
live in a cleaner and safer environment.  

I. INTRODUCTION  

Air pollution is the global concern that affects the health of the humans, animals, environment, and various other 
living things on earth. As today we see the population of the world rapidly increase due to this more and more 
people moving to the cities from the urban areas. The expansion of cities and industries leads to various issues , 
and one of these is air pollution. It is a very complex issue driven by the presence of various particles and gasses 
in the air. The Pollutants present is air is not only decrease the quality of air but also harm our well-being and 
ecosystem around us. The most significant particles present in our air is Particulate Matter(PM),Nitrogen 
Dioxide(NO2), Sulphur Dioxide(SO2), Volatile Organic Compound(VOCs) etc.As we discuss about Particulate 
Matter, It refers to tiny solid particles or liquid droplets present in air. This particle comes in different sizes as 
PM2.5 and PM10. Sources of PM include vehicle exhaust, industrial emission, construction activity and even 
natural processes like dust storms. Tiny particle known as  PM2.5 are a big worry because they can sneak into 
deep our lungs and cause health issues like asthma and heart problems. Moreover particulate matter reduce 
visibility, creating hazardous condition for transportation and affecting the aesthetic appeal to our surroundings. 
Nitrogen dioxide(NO2) and Sulphur Dioxide(SO2) are the gasses mainly  release from burning fossil fuels.NO2  
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cause smog formation and also responsible for respiratory problems. It’s a key player in the creation of ground 
level ozone, a component of smog that poses serious health risks.On the other hand, SO2 not only harm our 
respiratory system but also play a role in acidic rain formation. Acid rain damage ecosystems, corrodes buildings, 
and affect water quality. Volatile Organic Compounds (VOCs) are the bunch of chemicals that easily turned into 
the vapor and float into the air. They originate from sources like vehicle emission and industrial process and even 
natural sources such as plants. It also contribute in the formation of ground level ozone and smog, affecting human 
health and the air quality.  

A. Motivation 
Understanding the cause and effect of air pollution is essential for creating awareness in the community as by 
educating ourselves about the sources and the impacts of air pollution, we can take steps to reduce our own 
contribution. Mankind cannot be imagined surviving without air. The ongoing developments in various fields of 
modern human society has impacted the air quality adversely. Daily domestic and industrial activities are the major 
cause of these hazardous air pollutants. Therefore, the need to monitor as well as predict the quality of air has 
become essential in this era, especially in a rapidly developing nation like India.   
The traditional methods to forecast air quality majorly use historical data for learning amongst which 
Autoregressive Moving Average ARMA and Autoregressive Integrated Moving Average ARIMA were widely 
used. But due to the increased amount and complexity of data they could not keep up with the required demand. 
Compared to these conventional methods, the machine learning based prediction techniques have proven to be 
more effective in studying the air pollutants and their hazards.  Therefore, in the treatment of air pollution in urban 
areas, accurate air pollution prediction is of the most essential tasks.    

B. Scope  
Our idea is basically to predict the AQI (air quality index) in the air by analysing the past data. It will definitely 
help in estimating the pollution and will address the current issue regarding the pollution. By using the pollutant 
analysis, we can also mitigate the level of pollution by taking proper steps and measures. We can further collect 
the data of all routes and this approach can be expanded by incorporating a simulation mechanism capable of 
emulating congestion and pollution patterns within an urban area, and thereby extracting more meaningful insights 
from the available data. By deploying such a system and centralizing the collected data, both real-time pollution 
tracking, and comprehensive long-term pollution analysis can be conducted with ease. This proposed approach 
addresses the current issue of insufficient data points for estimating pollution along specific routes or roads within 
the city.  

II. LITERATURE SURVEY  

There are various methods and techniques that are used to implement a prediction model for AQI.Some of them 
are shown with their result below by a table-  

TABLE I: LITERATURE SURVEY 
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III. METHODOLOGY 

The proposed system is classified into these modules to predict the AQI. 

A. Data Collection 
The following meteorological data was obtained from TuTiempo.net- average relative humidity (%), total rainfall 
(in mm), visibility (in km), average wind speed (in km/h), maximum sustained wind speed (in km/h), maximum 
temperature (in CC), minimum temperature (in CC), and average visibility (in Km). 
The air pollutants concentrations, including those of PM2.5, PM10, NO, NO2, NOx, NH3, CO, SO2, and O3 were 
gathered via Kaggle. 

B. Data Cleaning 
Data cleaning includes finding missing, erroneous, imprecise, or unnecessary portions of the data and then 
removing, altering, or replacing the unclean or coarse data. The concentrations of air contaminants were obtained 
from the Kaggle dataset, and meteorological parameters were web-scraped from WEBSITE. The data has been 
cleaned up to eliminate numerous features including "NH3," "NO," "Benzene," "Toluene," "Xylene," and "AQI 
Bucket" that are not helpful in AQI prediction. Lastly, PM2.5, PM10, NO2, NOx, CO, SO2, O3, average 
temperature, maximum temperature, minimum temperature, humidity, visibility, and wind speed are the 
independent features that are used. While the missing values in independent features were interpolated, rows with 
missing AQI values were removed. Standard Scalar was used to carry out the feature scaling. 

                                         
Fig 1: Data Before Cleaning  Fig 2 : Data After Cleaning 

C. Data Pre-processing 
Data quality and representativity is the first and most crucial need to guarantee the efficient building of forecasting 
models. A machine learning algorithm's ability to generalize is frequently impacted by the data preparation stage. 
Examples of data preparation include feature engineering, data transformation (usually normalization and 
standardization), removing or modifying outlier observations, and imputation of missing data. The third step is 
frequently used to collect data that is more regularly distributed and to reduce data variability, even though the 
first two phases are crucial for generating more complete and precise data sets. Eventually, a new dataset that is 
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frequently smaller and more informative is produced using the fourth phase. Feature selection and extraction are 
typically part of the last phase. 

D. Data Visualisation 
After being cleaned, the data was collected and visualized to verify if its proper or not.  

  
             
 
          
 
 
 
 
 
 
 
 
 

Fig 3: Data visualization   Fig 4: Data visualization 

 E. Training dataset formation 
Data from 2016 to 2019 will be used to train the model, and the AQI values gathered for 2020 will be compared 
with the values predicted by the LSTM model and several other machine learning models. Data is collected for the 
years 2016 to 2020. 

F. Architecture 
Long Short-Term Memory is a type of recurrent neural network. The output of the previous step of an RNN is fed 
into the current step. Hochester & Schmid 1--luber developed LSTM. It addressed the issue of RNN long-term 
dependency, wherein the RNN can make more accurate predictions based on current data but is unable to predict 
words stored in long-term memory. When the gap length grows, RNN performance becomes less effective. By 
default, LSTM has a long retention time for the data. It is applied to time series data processing, prediction, and 
classification. 

 
Fig 5: Model Diagram 

The given dataset is translated so that a row contains the data for the previous seven days.The target feature is the 
AQI value for the eighth day. This means that the AQI values for the past seven days will be utilized to forecast 
the AQI for the next day. 
Four models with fully linked and LSTM layers were created. The ReLU activation function receives the output 
from the fully linked layer and LSTM. To optimize the weights and learning rate values, the Adam optimizer is 
employed. The loss function that we employed was Mean Squared Error. The learning rate is set at 0.001 at the 
beginning. 
One LSTM layer, one fully linked layer, and an output layer make up the first model. 
The second model is made up of an output layer, a fully linked layer, and two LSTM layers. The ReLU activation 
function receives the output from the LSTM and fully linked layer. 
Two LSTM layers, two fully connected layers, and an output layer make up the third model. ReLU processes the 
output from the layers. 
Lastly, by incorporating a dropout layer with a dropout rate of 0.5 into the third model, the fourth and final model 
is created. The best AQI value forecasting results were produced by this model. 
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Fig 6: LSTM Model 1    Fig 7: LSTM Model 2 

  

 
Fig 8: LSTM Model 3    Fig 9: LSTM Model 4 

IV. RESULT 

There are four LSTM models built to find the best result. The value of absolute error, Root mean square error and 
mean square error is shown below by a table. 

                               
Fig 10: Comparison between various LSTM models   Fig 11: Result Graph 

IV. CONCLUSION 

Promising forecasting skills are shown by the LSTM model created to predict the Air Quality Index (AQI). The 
model performs exceptionally well in identifying complex patterns and dependencies within temporal sequences 
of air quality data by utilizing the capabilities of long short-term memory networks. By means of extensive training 
on past datasets, the LSTM model has acquired the ability to identify the intricate correlations between diverse 
atmospheric parameters and AQI, facilitating precise forecasts. This model's potential to improve environmental 
and public health monitoring initiatives is what makes it significant. Accurate AQI forecasts enable authorities and 
communities to take proactive measures to address air pollution issues, carry out focused interventions, and reduce 
health risks. Furthermore, the model's flexibility in responding to changing environmental circumstances makes it 
an invaluable instrument for real-time monitoring. 

FUTURE SCOPE 

The AQI prediction model based on LSTM has a lot of potential and can be applied in several scenarios. Future 
research and development efforts should primarily focus on enhancing the model's adaptability to diverse 
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geographical and climatic conditions. To train the LSTM network to perform well in a range of environmental 
settings, this involves utilizing datasets from several sources. 
When combined with emerging technologies like Internet of Things (IoT) gadgets and remote sensing platforms, 
future development has a lot of promise. Real-time sensor data and satellite imagery provide a more comprehensive 
input to the model, resulting in more accurate and timelier AQI projections. It can be simpler to collaborate with 
agencies and authorities that keep an eye on the environment. 
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