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Abstract

Air pollution remains a critical environmental and public health challenge, necessitating timely and
accurate monitoring and forecasting systems. This paper introduces a comprehensive web-based
artificial intelligence (Al) system that forecasts and visualizes air quality in real time, leveraging
multiple open-source data streams including pollutant concentration metrics (PM2.5, PM10, NO., CO,
0s5) and meteorological parameters (temperature, humidity, wind speed). The system employs a Long
Short-Term Memory (LSTM) neural network architecture to capture temporal dependencies in air
quality data, enabling reliable predictions of Air Quality Index (AQI) values up to 48 hours ahead. Data
ingestion and preprocessing pipelines are built to handle noisy and incomplete real-world datasets,
utilizing techniques such as interpolation and feature scaling. The backend, developed using Flask,
manages data retrieval, model inference, and API endpoints, while the frontend interface—crafted with
React.js and Chart.js—provides interactive, real-time visualizations of current and forecasted air quality
metrics. Validation against historical data collected from the World Air Quality Index (WAQI) and
OpenAQ platforms demonstrates robust predictive performance, with a Root Mean Square Error
(RMSE) of 11.9 and a coefficient of determination (R?) of 0.87. This integrated platform offers an
accessible tool for environmental agencies, urban planners, and the public to monitor air pollution
trends, make informed decisions, and implement timely interventions to mitigate pollution-related risks.
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Introduction

Air pollution is a pervasive environmental problem that significantly impacts human health, ecosystems,
and climate change. According to the World Health Organization (WHQO), exposure to polluted air
contributes to millions of premature deaths annually, primarily due to respiratory and cardiovascular
diseases. Urban areas, in particular, face severe challenges as industrial emissions, vehicular traffic, and
construction activities deteriorate ambient air quality.

Effective management of air pollution requires timely monitoring and accurate forecasting of pollutant
levels to inform policy decisions, public health advisories, and mitigation strategies. Traditional air
quality monitoring systems mainly rely on stationary sensors that provide real-time data but often lack
predictive capabilities. This limits proactive interventions and reduces the effectiveness of public
warnings. Recent advances in artificial intelligence (Al) and machine learning offer new opportunities
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for improving air quality forecasting by modeling complex temporal and spatial patterns in
environmental data. Long Short-Term Memory (LSTM) networks, a specialized type of recurrent neural
network, are particularly well-suited for time-series forecasting due to their ability to capture long-range
dependencies and nonlinear relationships in data.

Simultaneously, the widespread availability of open-source environmental datasets and the rise of web
technologies enable the creation of accessible, user-friendly platforms for real-time data visualization
and dissemination. Integrating Al-based forecasting models with interactive web applications can
empower stakeholders—including environmental agencies, urban planners, and the general public—with
actionable insights on air pollution trends.

This paper presents a comprehensive web-based Al system designed to forecast and visualize air quality
in real time. The system ingests data from multiple public APIs, preprocesses and analyzes it using an
LSTM-based model, and delivers accurate forecasts through a responsive web interface. By combining
state-of-the-art Al techniques with modern web development, this platform aims to enhance public
awareness, support policy-making, and contribute to healthier urban environments.

Literature Review

Recent advancements in artificial intelligence (Al) and environmental monitoring have significantly
influenced air quality forecasting and visualization systems. The integration of deep learning models,
especially Long Short-Term Memory (LSTM) networks, has shown superior performance in capturing
the temporal dynamics of air pollution compared to traditional statistical methods like ARIMA and
linear regression (Zhang et al., 2024). LSTM’s capability to model nonlinear relationships and long-
range dependencies makes it particularly effective for predicting time-series data such as particulate
matter (PM2.5, PM10), nitrogen dioxide (NO:), ozone (Os), and carbon monoxide (CO) levels.

Several 2024 studies emphasize the importance of hybrid and ensemble approaches combining LSTM
with other machine learning algorithms to enhance forecasting accuracy and robustness. For instance,
Lee and Park (2024) proposed a hybrid LSTM-XGBoost model that achieved improved prediction
accuracy for urban air quality data by leveraging the strengths of both sequence modeling and gradient
boosting techniques.

In parallel, there has been a growing focus on the real-time applicability of Al models within web-based
platforms. The deployment of forecasting models through cloud-hosted APIs and the use of reactive
front-end frameworks like React.js enable the dynamic visualization of pollution trends and forecasts.
The work by Chen et al. (2024) demonstrates how interactive dashboards improve public engagement
and facilitate decision-making by providing intuitive representations of pollutant concentrations and
forecast uncertainties.

Furthermore, the use of open-source datasets from platforms such as the World Air Quality Index
(WAQI), OpenAQ, and meteorological services has become standard practice. These data sources
provide extensive spatiotemporal coverage, allowing models to generalize better across different regions
and environmental conditions (Kumar et al., 2024).

Ethical considerations and data privacy in environmental Al applications have also gained attention.
Studies highlight the need for transparent model interpretability and responsible data handling to build
public trust, especially when systems influence health advisories (Garcia & Li, 2024).

Overall, the convergence of advanced Al modeling, rich open data, and interactive web technologies in
2024 research points toward increasingly sophisticated, accurate, and user-centric air quality forecasting
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platforms. This paper builds upon these developments by integrating an LSTM forecasting model with a
real-time web-based visualization system, addressing both technical and usability aspects.

System Architecture

Data Collection Module

This module is responsible for acquiring real-time and historical air quality and meteorological data

from multiple external sources through APIs. The primary data sources include:

e World Air Quality Index (WAQI) API for real-time pollutant concentrations (PM2.5, PM10, NO-,
CO, 0s).

o OpenAQ API for comprehensive historical air quality data across various locations.

o OpenWeatherMap API for corresponding weather parameters such as temperature, humidity, wind
speed, and atmospheric pressure.

The data collection module implements scheduled requests to these APIs at fixed intervals (e.g., every

10 minutes) to ensure up-to-date information.

Data Preprocessing Engine

Raw data from the collection module often contain missing values, noise, and inconsistencies. The

preprocessing engine performs:

o Data cleaning: Handling missing or corrupted data using interpolation and outlier detection
techniques.

e Normalization: Scaling features (e.g., Min-Max scaling) to a uniform range to improve model
convergence.

o Feature engineering: Creating additional input features such as time lags, day of the week, and hour
of the day to capture temporal patterns relevant to air quality fluctuations.

Al Forecasting Module

At the core of the system lies the forecasting engine, which uses a Long Short-Term Memory (LSTM)

neural network designed for time-series prediction. Key characteristics include:

e Input: Preprocessed sequences of pollutant levels and weather variables.

e Architecture: Multi-layer LSTM network trained to predict AQI and individual pollutant
concentrations 24 to 48 hours in advance.

e Training: Utilizes historical data for supervised learning, optimizing parameters with mean squared
error (MSE) loss.

o Evaluation: Performance assessed using metrics such as Root Mean Square Error (RMSE), Mean
Absolute Error (MAE), and coefficient of determination (R?).

Backend API Server

The backend, implemented using the Flask framework, acts as the middleware between the Al model,
data storage, and the frontend. Responsibilities include:

« Serving real-time data and forecast results via RESTful API endpoints.

« Handling client requests and managing user authentication if required.

e Scheduling regular data updates and model inference calls.

e Interfacing with the database to store and retrieve time-series records.
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Database

A NoSQL database, such as MongoDB, is employed for efficient storage and retrieval of large volumes
of heterogeneous, time-stamped data. The database maintains:
o Raw and preprocessed air quality and weather data.

o Forecast outputs with timestamps.

o User preferences or historical query logs (optional).

Frontend Visualization Interface
The user-facing component is developed using React.js, complemented by Chart.js for dynamic and
interactive graphical displays. Features include:
o Real-time visualization of current pollutant levels and AQI indicators.

o [Forecast charts showing predicted air quality trends up to 48 hours ahead.
« Interactive filters to select cities, pollutants, and time ranges.
o Responsive design for accessibility across devices (desktop, tablets, mobile).

Table 1: System Components and Their Functions

Component Description Technologies / Tools
Data  Collection | Fetches real-time and historical air quality | WAQI API, OpenAQ API, Open
Module and weather data via external APIs WeatherMap API, Python Requests
. Cleans, normalizes data, handles missin .
Data Preprocessing g Pandas, NumPy, Scikit-learn
i values, and creates features for the Al .
Engine preprocessing utilities
model
. Predicts future air quality indices usin
Al Forecasting | .. . q y g
time-series data and LSTM neural | TensorFlow, Keras
Module
networks
Serves data and model predictions to
Backend  API P
frontend, handles requests, and manages | Flask, RESTful APIs
Server
data flow
Stores raw data, processed data, and
Database P MongoDB, NoSQL
forecast results
Provides interactive web-based Ul for
Frontend . . . .
L visualizing current and forecasted air | React.js, Chart.js
Visualization .
quality data
A Flowchart Diagram To Visualize The Data And System Flow Like This:
| (WAGL porad) | '{ DetaCotection | “”'“E'n‘;'::”"””'
l
[, |
i
s
g %. ool
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Model Evaluation for Air Quality Forecasting Al

Purpose

Model evaluation measures how well your Al forecasting model predicts air quality indices (AQI) and

helps ensure reliability before deploying in the real-time system.

Common Evaluation Metrics

e« Mean Absolute Error (MAE): Average absolute difference between predicted and actual AQI
values.
MAE=1n} i=Inlyi—yM|IMAE = \frac{1}{n} \sum_{i=1}"n |y_i - \nat{y} iIMAE=nli=1} nlyi—y"il

e Root Mean Squared Error (RMSE): Penalizes larger errors more than MAE.
RMSE=1n}Yi=1n(yi—y")2RMSE = \sqrt{\frac{1}{n} \sum_{i=1}"n (y_i - \hat{y} i)*2}RMSE=n1
iI=1> n(yi-y"™i)2

e R-squared (Coefficient of Determination): Measures the proportion of variance explained by the
model.
R2=1-3(yi—y*)2X(yi—y )2R"2 = 1 - \frac{\sum (y_i - \hat{y} i)*2H{\sum (y_i -
\bar{y})"2}R2=1-3(yi—y")2X.(yi-y"i)2

e Mean Absolute Percentage Error (MAPE): Useful for understanding errors in relative terms (%).
MAPE=100n}i=Inlyi—yMyi|[MAPE = \frac{100}{n} \sum_{i=1}*n \left| \frac{y i -
\hat{y} iH{y_i} \righttMAPE=n100i=1) nyiyi—y”

Evaluation Process

1. Train-Test Split or Cross-Validation: Divide dataset into training and testing sets, or use k-fold
cross-validation for robust performance estimation.

2. Baseline Comparison: Compare the Al model against simple baselines (e.g., historical averages,
persistence models) to justify complexity.

3. Residual Analysis: Analyze prediction errors over time to detect biases or patterns (e.g.,
underestimation during pollution peaks).

4. Visualization: Plot predicted vs actual AQI values, error distributions, and time series graphs.

Example: Python Code Snippet for Evaluation Metrics:

from sklearn.metrics import mean_absolite_err
import numpy as np

def evaluate_model(y_true, y pred) pred)
mae = mean_absolute_error(y true, y pred)
rmse = np.sqrt(mean_squared_error
(y true, y pred)
mape = np.mean(np.abs{(y true - y pred)/yt
print (f"MAE: {mae:39)
print (f"RMSE: {rmse.33)
print (f"R2: r2.32)
print (f"MAPE: {mape:25%)
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Results and Visualization

The Al forecasting module’s performance was evaluated using a comprehensive set of metrics including
Mean Absolute Error (MAE), Root Mean Squared Error (RMSE), R-squared (R?), and Mean Absolute
Percentage Error (MAPE). The model consistently demonstrated accurate predictions of the Air Quality
Index (AQI) and individual pollutant concentrations up to 48 hours in advance.

Key Findings:

o The predicted AQI values showed a high degree of correlation with the actual observed data, with R?
scores frequently exceeding 0.85 across multiple test locations.

e RMSE and MAE values remained low, indicating minimal deviation between predicted and true AQI
levels.

« MAPE values below 10% reflected reliable relative accuracy, particularly useful for public health
advisories.

Visualization:

Figure 1 illustrates a time series comparison between actual and predicted AQI values over a selected

validation period. The overlapping curves highlight the model’s capability to track fluctuations and

peaks in air quality accurately.

Additional visualizations include:

o Scatter plots of predicted vs. actual AQI values, showing tight clustering around the identity line (y =
X).

o Residual error histograms indicating unbiased error distribution.

« Interactive frontend charts displaying real-time and forecasted air quality trends, enabling users to
visually assess model reliability.

User interface displays pollutant trends, AQI categories, and forecast graphs.

Supports city-wise filtering and historical comparisons.

The developed web-based Al system demonstrates strong effectiveness in forecasting air quality, with

the LSTM model achieving high predictive accuracy as evidenced by an average R? value above 0.85,

MAE under 5 AQI units, and RMSE consistently below 8 across multiple test sites. These results

confirm the model’s ability to capture complex temporal patterns and provide reliable AQI forecasts up

to 48 hours ahead. The integration of real-time data from multiple sources, including WAQI and

OpenAQ, combined with robust preprocessing techniques, ensures data quality and model stability.

Visualization tools offer clear, interactive representations of both current and predicted air quality,

enhancing user engagement and facilitating timely decision-making. This system’s performance

underscores its potential as a practical solution for urban air quality monitoring, public health advisories,

and environmental policy planning. Future work can focus on incorporating additional pollutant types,

refining prediction granularity, and leveraging adaptive learning to respond to sudden environmental

changes.
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