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Abstract — Urban air pollution remains a significant challenge due
to expanding transportation networks, industrial growth, and
population concentration. Existing monitoring infrastructures
generally provide coarse-grained air quality information and often
fail to represent pollution variations at the neighborhood level.
HEAL (Heatmap for Environmental Air Levels) is proposed as a
data-driven framework that estimates localized air quality
conditions and presents them through geospatial visualizations. The
framework integrates atmospheric measurements, meteorological
attributes, and traffic indicators gathered from multiple sources.
Predictive models including Random Forest, XGBoost, and Long
Short-Term Memory (LSTM) networks are employed to estimate Air
Quality Index (AQI) values for locations lacking direct
observations. The resulting heatmap-based visualizations enable
identification of pollution clusters, spatial AQI variations, and
emerging environmental trends. The proposed approach supports
evidence-based decision making for citizens, researchers, and urban
administrators seeking improved environmental management
strategies.

Keywords - Air pollution, heatmap visualization, machine learning,
AQI prediction, environmental monitoring, geospatial analysis,
smart cities, air quality analysis, pollution hotspot detection, 10T
integration, real-time monitoring, data visualization

I. INTRODUCTION

Air pollution has emerged as one of the most critical
environmental concerns affecting modern cities. Rapid urban
expansion, industrial development, and increasing vehicle
usage contribute substantially to the deterioration of air quality.
Exposure to polluted air is associated with respiratory illnesses,
cardiovascular ~ complications, and  broader ecological
consequences. Although monitoring stations provide valuable
environmental information, their limited geographical coverage
often leaves significant gaps in localized pollution assessment.
As a result, residents and authorities may not obtain an accurate
understanding of air quality variations within smaller
communities or neighborhoods.

Recent advances in Artificial Intelligence, Machine Learning,
Internet of Things technologies, and geospatial computing have
created opportunities for more detailed environmental
assessment. By analyzing large-scale heterogeneous datasets,
intelligent models can infer pollution conditions in areas where
direct sensor measurements are unavailable. Furthermore,
geospatial visualization techniques allow  complex
environmental information to be represented in a form that is
accessible and interpretable for diverse users.
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Factors including weather conditions, traffic movement, and
pollutant concentration collectively influence air quality and can
help reveal patterns that are not immediately visible through
conventional monitoring approaches. During the study of existing
air quality platforms, it was observed that many systems mainly
provide city-wide AQI values and offer limited support for
localized prediction and visual interpretation. In several cases,
users can view current pollution readings but cannot easily
analyze how pollution may vary across nearby regions. To
overcome these challenges, this work introduces HEAL (Heatmap
for Environmental Air Levels), a framework developed for
localized air quality prediction and visualization using machine
learning  techniques.The  proposed  system  combines
environmental, meteorological, and traffic-related information
collected from APIs and publicly available datasets. Models such
as Random Forest, XGBoost, and LSTM are employed to estimate
pollution levels in locations where direct measurements may not
be available and to generate interactive heatmaps for analysis.

HEAL can support citizens, researchers, urban planners, and
decision-makers in understanding air quality conditions and
identifying pollution-prone areas. Ultimately, the proposed
framework seeks to contribute towards more informed
environmental management and healthier urban living through
accurate hyperlocal air quality assessment and visualization.
Hence, HEAL can support to detect environmental Air Pollutants
level and give heatlh reports.

Objectives:
1.Build a platform for monitoring and visualizing air quality data.

2.Collect environmental, weather, and traffic information from
multiple sources.

3.To generate interactive heatmaps for visualizing localized
4.Process and clean raw datasets for reliable analysis.

5.Predict AQI levels using machine learning techniques.
6. Identify pollution hotspots across different regions.
7.Generate interactive heatmaps for pollution visualization.

8.Enable location-wise air quality analysis and comparison.

9. Provide historical trend analysis for environmental studies.
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II. PROBLEM STATEMENT

Current air quality monitoring approaches are constrained by
sparse sensor deployment and limited spatial coverage. Most
existing platforms provide generalized AQI information for large
urban regions, making it difficult to identify localized pollution
variations and emerging environmental hotspots. In addition,
many systems emphasize reporting current  pollution
measurements rather than forecasting future conditions or
estimating pollution levels in unmonitored areas.

Environmental quality is influenced by numerous interconnected
factors, including meteorological conditions, transportation
activity, industrial emissions, and population density. However,
these variables are often not integrated comprehensively within
conventional monitoring frameworks. The lack of predictive
capabilities, interactive visualization mechanisms, and scalable
deployment models restricts the effectiveness of existing
solutions for environmental planning and public awareness.

To address these challenges, HEAL is designed as an intelligent
environmental analytics framework capable of integrating diverse
datasets, estimating AQI values through machine learning
techniques, and presenting localized pollution patterns using
dynamic heatmap visualizations.

1. LITERATURE REVIEW

Based on current scientific research, major advancements
Artificial Intelligence in environmental monitoring and air
quality prediction. According to the findings presented in
several recent IEEE and research publications, different
intelligent systems using 10T, machine learning, geospatial
analysis, been developed to analyze and visualize urban
pollution levels.

AQI forecasting models, spatio- temporal and predictive
approaches can significantly improve pollution detection
accuracy and environmental research conducted on machine
learning and deep learning models for non- monitored urban
regions, integrating weather conditions, traffic density, and
pollutant concentrations can improve forecasting performance
and reduce prediction errors. Finally, recent studies also show that
interactive heatmap- based visualization systems can greatly
enhance public awareness and help policymakers understand
localized pollution conditions more effectively.

These intelligent environmental monitoring approaches also
support smart city development by enabling real-time pollution
analysis and efficient urban planning strategies. Hence the
literature review tells us that the HEAL system is an efficient
solution to determine the environmental air pollutants level and
get reports for the same.
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IV. SYSTEM DESIGN

A. System Architecture

The HEAL (Heatmap for Environmental Air Levels) system uses
a three-tier client-server architecture for efficient environmental
data collection, processing, prediction, and visualization. The
framework combines machine learning, geospatial analysis,
environmental APIs, and interactive dashboards to provide real-
time and localized air quality monitoring. The architecture
ensures scalability, modularity, and smooth data flow across
different system components.

The Data Layer collects and stores environmental, weather, and
traffic-related information from sources like OpenWeatherMap,
IQAIr, CPCB, and other public datasets. The data includes pollutants
such as PM2.5, PM10, NOz, SO2, CO, Os, as well as temperature,
humidity, wind speed, and traffic intensity. This data is stored in
centralized databases like PostgreSQL or MongoDB for further
analysis and prediction tasks. The Application Layer is the core
processing unit of the system. It handles data preprocessing, feature
extraction, API integration, and machine learning prediction using
algorithms such as Random Forest, XGBoost, LSTM, and Kriging.
The system processes and organizes raw environmental data to
predict pollution levels in areas without samples and to find pollution
hotspots using space and time analysis methods. The Presentation
Layer offers interactive visuals with real-time heatmaps and
dashboards created using tools like Folium, Plotly, Leaflet.js, and
Streamlit. Users can track AQI levels, study past pollution trends, use
filters based on pollutants, and compare environmental conditions
across different areas. The framework also includes modules for
authentication, dashboard management, and location validation to
ensure secure access and precise local visualization. Therefore, the
HEAL framework offers a smart,

scalable, and user-friendly solution for accurate air

quality prediction and real-time environmental monitoring in smart
urban areas. The HEAL system starts by collecting location-based
and time-dependent air quality data from various environmental APIs
and public datasets.

B. Working Flow

The workflow of the HEAL system begins with the collection of
location-based and time-dependent air quality data from multiple
environmental APIs and public datasets. The input data includes
pollutant concentrations such as PM2.5, PM10, NO2, SO2, CO,
along with weather parameters and traffic-related information

required for environmental analysis

After data collection, the preprocessing stage cleans and organizes
the raw environmental data. Missing values, duplicate entries, and
outliers are removed, while normalization techniques are applied to
maintain consistency across different datasets. This step improves
the quality and reliability of the information before machine
learning analysis.
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During the model training phase, machine learning
algorithms analyze environmental patterns and predict AQI
values for areas without samples. regions. The system learns
how pollutants, weather, and traffic affect each other to
predict pollution accurately. After predicting, the data is
turned into interactive heatmaps using Python libraries like
Folium, Plotly, and Seaborn. These maps use different colors
to show pollution levels in various areas. Once predictions are
made, the data is visualized as heatmaps. The visualization
uses Python libraries like Folium, Plotly, and Seaborn to show
pollution levels with color maps. Areas with less pollution
have lighter colors, while areas with higher AQI values have
darker colors. These heatmaps help identify pollution
hotspots, understand regional pollution patterns, analyze
trends over time, and compare air quality in different places.
This stage improves the interpretability of environmental data
and makes complex pollution analysis easier to understand for
both technical and non-technical users.

This stage makes environmental data easier to understand and
simplifies complex pollution analysis for both technical and
non-technical users. The system also extracts features and
analyzes environmental data to find important links between
traffic intensity and pollution. Parameters like temperature,
humidity, wind speed, and wvehicle density are analyzed
together to improve the accuracy of pollution predictions and
understand environmental behavior over time in urban areas.
During processing, machine learning models continuously
evaluate historical and real-time data to predict AQI values
for places without monitoring stations.

The models like Random Forest also analyze changes in
pollution levels over time and space to provide more accurate
and localized environmental insights for effective pollution
monitoring and urban planning.

The machine learning module uses models such as Random
Forest, XGBoost, LSTM to estimate air pollution levels in
areas where monitoring stations are not available.

These models study the past and current environmental data to
understand pollution trends and predict future AQI values. By
analyzing changes over time and across locations, the system
can provide more reliable pollution forecasts. The
visualization module presents the processed data through
interactive heatmaps created using tools such as Folium,
Plotly, and Seaborn. Different colors are used to show varying
pollution levels, making it easier for users to understand air
quality conditions.
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V. METHODOLOGY

The HEAL methodology offers a smart and scalable way to
monitor the environment by using Artificial Intelligence (Al),
Machine Learning (ML), geospatial analysis, and real-time
environmental data. The system handles pollution data through
several steps: collecting data, preparing it, making predictions,
visualizing results, and analyzing the environment to deliver
precise local air quality monitoring.

1. System Design Approach

This system uses machine learning and geospatial analysis to
combine environmental monitoring, AQI prediction, and interactive
heatmap visualization. It enables real-time pollution analysis by
using environmental, weather, and traffic data from APIs and public
sources. The framework is built to be scalable, accurate in
predictions, and efficient in visualizing the environment for smart
city use.

2. Data Collection Module

The HEAL system collects environmental and weather-related data
from APIs such as OpenWeatherMap, 1QAIr, CPCB, and traffic-
related datasets. The collected data includes PM2.5, PM10, NO2,
SO2, CO, Os, temperature, humidity, wind speed, and traffic
intensity values. This module ensures continuous and real-time
environmental data acquisition for further analysis and prediction.

3. Data Preprocessing Module

The collected environmental data is cleaned and processed using
Python libraries such as Pandas and NumPy. Missing values, duplicate
records, and outliers are removed to improve dataset quality and
reliability. The preprocessing stage also normalizes pollutant
concentrations and prepares structured datasets for machine learning
model training and AQI prediction.

4. Machine Learning Prediction Module

The machine learning module uses algorithms such as Random
Forest, XGBoost, LSTM, and Kriging to predict air pollution levels
in regions where monitoring stations are unavailable. The models
analyze historical and real-time environmental datasets to identify
pollution patterns, forecast AQI values, and improve prediction
accuracy through spatio-temporal environmental analysis.

5. Heatmap Visualization Module

The visualization module converts processed environmental data into
interactive geospatial heatmaps using visualization libraries such as
Folium, Plotly, and Seaborn. Different color gradients are used to
represent pollution intensity levels across various regions, helping
users identify pollution hotspots and analyze environmental
conditions visually in real time.

6. Dashboard and User Interaction Module

The HEAL framework includes an interactive dashboard that helps
users view AQI levels, track pollution trends, apply pollutant
filters, and compare air quality across different locations. Users can
enter a location and instantly access environmental information in
an easy-to-understand format. The dashboard also supports
historical data analysis and real-time monitoring of air quality
conditions.

To make the information more useful, the system presents pollution
data through charts, graphs, and heatmaps. Users can quickly
identify areas with higher pollution levels and observe changes over
time. This makes environmental data easier to understand for
citizens, researchers, and policymakers who need reliable insights
for decision-making.
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7. Dataset Description

The dataset used in HEAL consists of environmental,

meteorological, and traffic-related information collected Machine learning modelslikeRandom Forest, XGBoost, and

from multiple APIs and public datasets. Each dataset LSTM are analyzed basedonhowwell they can identify
contains pollutant concentrations, weather conditions, pollution patterns andpredictairquality levels in regions
traffic intensity values, and geographical coordinates used where monitoring stationsarenotavailable.
for AQI prediction-and-heatmap-generation.
_ Data Type Quantity | Attributes Purpose The system also measureshoweffectively it can detect
= [ === pollution  hotspots andvisuali_zethemthroygh in'geractive
DL | gy, Potetion Duy 200+ NOy AQ! Prediction heatmaps and dashboards.Real-timeresponsiveness is tested
! | | to make sure that userscansmoothlyaccess environmental
D2 Weather Data 200+ 'j‘l"u',:f\';j:“"- ""f\’:“;','\"\'*,“'“"’ information without delays.Inaddition, scalability analysis is
- ~ ! : ' performed to verify thattheframework can handle large
D3 ﬁ Traffic Dota 200+ Vehicle Density i el amounts of environmentaldatafrommuItipl(_e locations at the
sametime. Overall, theperformancemodeling helps ensure
D4 | Q LocstionDsa | 2000 Late. e thatthe HEAL systemdeliversaccurate pollution predictions,
: [ jpnice reneraon efficient visualization,andreliableenvironmental monitoring
5 AQI Levels, forsmarter and healthierurbanenvironments.
Ds . I Historical AQI 200+ Time Trend Analysis
PN S50 9. Adaptive Learning Mechanism
Do @ User Logs 200+ Iiiclon Analytics

Theadaptive learning mechanisminthe HEAL (Heatmap for
Environmental ~ Air  Levels)system helps the framework
. . . improve its prediction accuracycontinuously with the
The dataset used n the HEAL ffa”.‘eWO”‘ 1S deggned to help of new environmental data.Insteadofworking only on
support  accurate air quality prediction and environmental  fyeq gatasets, the system keepslearningfrom real-time
analysis through the integration of multiple environmental and 55, quality  information, weather  conditions,traffic

geographical parameters. _ _ intensity, and previous prediction results.Asmoredata is
The collected data combines pollution concentrations, collected, the machine learning models gradually become
meteorological conditions, traffic intensity, and spatial better

coordinates to create a comprehensive dataset for at understanding pollutionpatternsandpredicting AQI levels
machine learning-based AQI prediction and heatmap more accurately.

visualization. The dataset mainly focuses on urban This mechanism allows the system to quickly adjust to

regions and locality-level pollution monitoring for sudden environmental changes such as heavy traffic, industrial
identifying environmental hotspots. emissions, or changes in weather conditions that

can directly affect air pollution levels. The system also analyzes
The environmental dataset includes important pollutants such historical and real-time datasets together to identify hidden
as PM2.5, PM10, NO2, SO2, CO, and Os, along with weather- pollution trends and improve hotspot detection across different
related attributes including temperature, humidity, and wind regions. By continuously updating and refining its prediction
speed. In addition, traffic density information and process, the HEAL framework becomes more reliable, efficient,
geographical coordinates such as latitude and longitude are and suitable for real-time environmental monitoring in smart
included to improve spatio-temporal pollution analysis and cities.
enhance prediction accuracy. The data is collected from
APIs, public datasets, and environmental monitoring
platforms at regular intervals to ensure real-time and A. Continuous Data Learning
historical environmental analysis. The HEALsystem continuously collects and analyzes

) ] ] o environmental data from APIs and public datasets. As new
Before being used for machine learning prediction, the and

o . - S S data becomes available, the framework learns from updated
normalization to improve consistency and reliability. Missing i . . i )
values, duplicate entries, and abnormal sensor readings are ~ Pollution patterns and improves its understanding of air
removed using data cleaning techniques. The processed quality behavior across different regions.
dataset is then divided into training and testing datasets for
evaluating the performance of machine learning algorithms B. Real-Time Model Updating

such as Random Forest, XGBoost, and LSTM. Themachinelearning models used in the system are

?I_.hPerfcfwmance Mogell!ng ¢ the HEAL (Heat ; regularly updated using recent environmental and
Ens?regn%gigfer,z?r elir;?/els)o systeem ic mainl(y e?o&igd gr: meteorological data. This helps the frameworlf quickly .
checking how accurately and efficiently the system can monitor adapt to sudden changes such as traffic congestion,
and predict air pollution levels in real time. Since the industrial emissions, or weather fluctuations that may affect
framework works with environmental, weather, and traffic-  air pollution levels.

related data collected from different APIs and public datasets, it
is important to ensure that the system provides fast and reliable
results. The performance of HEAL is evaluated using factors
such as AQI prediction accuracy, data processing speed, The adaptive mechanism studies both historical and real-

response time, and heatmap generation efficiency. time pollution trends to identify hidden environmental
relationships. Parameters such as temperature, humidity,
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wind speed, and traffic density are analyzed together to
improve pollution hotspot detection and AQI forecasting.

D. Prediction Accuracy Improvement

The system continuously refines its prediction models by

comparing  predicted AQI values with actual

environmental observations. This process helps reduce

prediction errors and imp roves the overall reliability of

pollution analysis in unsampled regions.

B. Dataset and Environmental Parameter Analysis

TheHEAL framework usedmultiple environmental and weather-
related parameters to improve AQI prediction accuracy and pollution
analysis. Data collected from APIs and public datasets was
continuously processed and analyzed to identify environmental

E. Scalable Environmental Monitoring
The adaptive learningmechanism alsosupports scalability by
enabling the framework to handlelarge volumes of

environmental datafrom multiple urbanregions
simultaneously. Thismakes the HEALsystem suitable for

trends and pollution patterns.

smart city applicationsand large-scaleenvironmental
monitoring. This shows the environmental parameters used by the system.
VII. RESULTS AND DISCUSSION Parameter Description Source
The HEAL (Heatmap for Environmental Air Levels) system Fi .
ine particle

was tested using environmental, weather, and traffic-related PM2.5 CPCB/IQAIr
datasets collected from multiple APIs and public sources. matter
The experimental results show that the framework can
accurately predict air pollution levels and generate real-
time heatmap visualizations ~ for localized PM10 Airborne particle CPCB
environmental monitoring. Machine learning models such as
Random Forest, XGBoost, and LSTM were evaluated based
on prediction accuracy, processing efficiency, and pollution . L. Environmental
hotspot detection capability. NOz Nitrogen dioxide | o

A. AQI Prediction Performance
The machine learning models used in the HEAL framework SO2 Sulphar dioxode Environmental APIs
produced reliable AQI predictions for different urban
regions. The Random Forest model provided stable and
consistent prediction results, while XGBoost performed ) )
effectively in handling complex environmental relationships co Carbon monoxide IQAIr
and changing pollution patterns. The LSTM model showed
good performance in analyzing time-dependent

environmental data and forecasting future AQI trends usin Weather
historical ~ pollution  records. 'grhe integration o% Temperature conditon OpenWeatherMap
environmental parameters such as PM2.5, PM10, NO2z, SOz,
CO, temperature, humidity, wind speed, and traffic intensity
helped improve prediction accuracy and reduce forecasting Atmospheric
errors. The system was also able to estimate pollution levels Humidity . OpenWeatherMap
in regions where monitoring stations were unavailable, moisture
making the framework more wuseful for hyperlocal
environmental monitoring.
This table presents each machine learning model performed in the Traffic Density Vehicle Intensity Traffic Dataset
HEAL system while predicting air pollution and AQI values.

C. Heatmap Visualization Analysis

The heatmap visualization module successfully represented
pollution intensity across different geographical regions using
color-based environmental mapping. Areas with lower AQI values
were displayed using lighter color gradients, while highly polluted
regions were highlighted using darker and more intense colors
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This helped in identifying pollution hotspots and understanding
environmental conditions more effectively. The interactive
dashboard allowed users to monitor AQI levels in real time, apply
pollutant-based filters, compare pollution trends across locations,
and analyze historical environmental data efficiently. The
visualization system improved the overall understanding of air
quality patterns and provided a user-friendly environmental

monitoring experience.

This shows the environmental parameters used by the system.

AQI Range Pollution Level Heatmap
Color
0-50 Good Light Green
51-100 Moderate Yellow
101-200 Poor Orange
201-300 Very Poor Red
301+ Hazzardous Dark Red

D. System Scalability and Efficiency

The HEAL framework demonstrated good scalability and
responsiveness whileprocessing large volumes of environmental
data collected frommultiple sources. Real-time data collection,
processing, prediction, and visualization were performed with
minimal delay, ensuring smooth system performance and reliable
environmental monitoring.

The modular architecture of the framework also allowed the system
to efficiently handle increasing environmental datasets from
multiple urban regions simultaneously. This makes the HEAL
system suitable for smart city applications and future large-scale
environmental monitoring solutions.

The HEAL (Heatmap for
framework was compared with traditional
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Levels)

monitoring systems and existing Al-based environmental
monitoring approaches to evaluate its prediction accuracy,

real-time

monitoring

capability, and

visualization performance. The comparison was based on

factors such as AQI

prediction,

heatmap visualization,

pollution hotspot detection, scalability, and machine learning
integration.

Traditional monitoring systems mainly depend on fixed
monitoring stations and usually provide only city-level
AQI information, which may not accurately represent
pollution conditions in smaller localities. In comparison,

the HEAL framework uses machine learning, geospatial
analysis, and real-time environmental data to provide more

accurate hyperlocal

AQI

heatmap visualization.
This table shows the comparision of HEAL with existing systems.

prediction and

interactive

E. Overall System Evaluation

The overall results confirm that the HEAL framework provides an
intelligent, accurate, and scalable solution for air quality

prediction and pollution hotspot detection. The combination of]
machine learning, geospatial analysis, and real-time visualization
significantly improves localized environmental monitoring and
supports better environmental awareness and decision-making for
citizens, researchers, and policymakers.
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The comparison results show that the HEAL framework provides
more accurate and intelligent environmental monitoring compared

to existing systems. The integration of machine learning models
prediction accuracy, while the use of interactive heatmaps helps users
identify pollution hotspots more effectively. The system

also supports scalable real-time environmental monitoring,

making it suitable for smart city applications and future loT-based
environmental monitoring solutions.

IX. CONCLUSION

The HEAL (Heatmap for Environmental Air Levels) framework

presents an intelligent and scalable solution for real-time air
quality monitoring and pollution prediction. The system
combines machine learning, geospatial analysis, and interactive
heatmap visualization to provide accurate and localized AQI
analysis across urban regions. By integrating environmental,
weather, and traffic-related datasets, the framework is able to
identify pollution hotspots and predict air quality levels even in
regions where monitoring stations are unavailable.

The experimental results demonstrate that machine learning models
such as Random Forest, XGBoost, and LSTM can effectively
improve A QI prediction accuracy and environmental analysis. The
interactive dashboard and heatmap visualization further enhance
user understanding by providing real-time pollution monitoring and
easy interpretation of environmental conditions.

Overall, the HEAL system provides a reliable, efficient, and user-
friendly environmental monitoring framework that can support

citizens, researchers, and policymakers in making informed
decisions for healthier and smarter urban environments. The
framework also offers future scope for 1oT-based live monitoring
and advanced smart city environmental applications.
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