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Abstract - Air pollution is an increasingly serious
environmental and public health concern, especially in the
urban regions of developing nations like India. Harmful
pollutants such as particulate matter and carbon monoxide
pose significant health risks. This research presents a hybrid
deep learning model that integrates Deep Convolutional
Neural Networks with Long Short-Term Memory networks
to forecast the Air Quality Index using time-series data. The
model incorporates meteorological variables—such as
temperature, humidity, and atmospheric pressure alongside
AQI data for both training and evaluation. The proposed
architecture outperforms individual DCNN models and
traditional machine learning techniques. While the DCNN
component is responsible for learning spatial patterns, the
LSTM component effectively captures temporal trends. The
hybrid model achieves a classification accuracy of 97.45%
and an AUC-ROC score of 0.97, surpassing the performance
of existing approaches. This study highlights the
effectiveness of the combined model in AQI forecasting,
offering valuable insights for early warning systems and
public health interventions against air pollution.
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1.INTRODUCTION

Air pollution has become a major issue for both
environmental sustainability and public health, especially
in the urban regions of developing countries such as India.
Rapid industrialization, vehicular emissions, and biomass
burning are major contributors to the degradation of air
quality in Indian cities. This presents serious health risks,
such as cardiovascular and respiratory conditions, so
monitoring and forecasting air quality is crucial to urban
management. The Air Quality Index is a standardized
measure used to represent the concentration of air
pollution and its potential effects on public health.

Accurate AQI prediction is crucial for enabling timely
interventions, raising public awareness, and supporting
evidence-based policy making. However, the complexity of
air pollution, driven by non-linear interactions between
various pollutants and meteorological factors, makes
accurate forecasting a challenging task.

A hybrid model is one that was created by combining two
conventional models together, that gains its own
characteristics, workflow, and advantages, ultimately
creating a more effective, adaptable, and efficient model.

A DCNN is an advanced ANN tailored to analyze structured
data, such as time-series, videos, and images. Their primary
advantage is their capacity to automatically. They are very
good at pattern recognition tasks because they can directly
learn hierarchical features from raw input data. DCNNs
were first created for computer vision, but they have since
been effectively used in a variety of other domains,
including audio analysis, environmental modeling, and
natural language processing.

The LSTM is a specialized form of RNN optimized for
processing sequential and time-series data, effectively
managing long-term dependencies. They are especially
skilled at obtaining long-term relationships and resolving
issues with vanishing or expanding gradients that
frequently impede conventional RNN training. Because of
this feature, LSTMs are ideal for applications involving
temporal patterns, like natural language processing, audio
identification, and timeseries forecasting. Memory cells
with systems in place to handle and store data for lengthy
periods of time make up an LSTM network. In the
architecture, the movement of data is governed by core
parts such as the input, forget, and output gates, as well as
the internal cell state. A memory-enhanced RNN model
cell's workflow consists of removing unnecessary
information from the cell state, incorporating fresh data via
the input gate, combining the new and retained data to
enhance the cell state, and producing an output for the
current step that also affects the subsequent phase.

2. RELATED WORK

The most populous province in Turkey, Van, has seen a
serious environmental and public health problem with air
pollution. Seasonal and climatic factors make this issue
especially acute during the winter months. Increased use
of inferior fuels for home heating is one of the main causes
of the declining air quality during this time. Particulate
matter and an increase in atmospheric sulfur dioxide is
caused by households using cheap but extremely polluting
fuel sources when evening temperatures drop sharply.
Weather patterns have a significant impact on how
pollutants spread and build up. A detailed study conducted
in Van City Center over a five-year period (2015-2020)
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showed a strong link between unfavorable weather
conditions and higher pollution levels. Specifically, lower
wind speeds, which hinder the dispersal of airborne
pollutants, combined with high atmospheric pressure and
humidity, were found to intensify pollutant concentrations.
These conditions create stagnant air, trapping emissions
close to the surface, which leads to prolonged exposure for
local residents. To tackle the issue of forecasting Condition
of the air, the study used the Multiple Non-Linear
Regression model, which delivered accurate predictions by
incorporating key meteorological factors such as minimum
temperature, average wind speed, peak atmospheric
pressure, and relative humidity[3]. The effectiveness of
this model emphasizes the importance of integrating
weather data into pollution forecasting systems to improve
environmental planning and public health measures.

In an effort to improve air pollution prediction techniques,
a recent study proposed an innovative optimization
method that combines bio-inspired algorithms with deep
learning. The model, named BChOA LSTM, utilizes the
Binary Chimp Optimization Algorithm to improve the
efficiency of LSTM networks This algorithm, inspired via
the coordinated hunting behaviors of chimpanzees,
dynamically fine-tunes the hyperparameters of the LSTM
model, optimizing its learning efficiency and predictive
power. To validate the effectiveness of this approach, the
research evaluated the effectiveness of eight different
hierarchical machine learning models using rigorous cross-
validation[12]. Key performance indicators such as
validation accuracy, the evaluation was carried out using
Root Mean Squared Error and the coefficient of
determination. The BChOA LSTM model consistently
outperformed all others, achieving a validation accuracy of
96.41%, significantly better than its counterparts.
Additionally, it demonstrated lower RMSE values,
signifying reduced prediction errors, and higher R* values,
which suggest a strong capacity to explain data
variance[4]. The convergence curve showed that BChOA
LSTM trained faster and more stably, turning it into an
optimal solution for real-time air quality monitoring
forecasting. These results underline the model's potential
for managing the impacts of fine particulate matter and
other air pollutants, showcasing its promise for improving
environmental analytics and public health risk
management by combining evolutionary intelligence with
time-series modeling.

Air pollution continues to be a significant global
environmental concern, posing risks to public health,
ecological balance, and overall quality of life, particularly in
urbanized and industrialized regions. Several factors
contribute to declining air quality, including emissions
from motor vehicles, the widespread use of inefficient and
pollutant-heavy fuels, and the dense infrastructure found
in large cities. Particulate Matter 10, which contains small
particles with diameters of 10 micrometres or below, is a
major pollutant of concern due to its severe health effects

and prevalence in urban areas. To better understand the
factors affecting air pollution, a study was conducted to
examine the relationship between PM10 concentrations
and key meteorological variables, such as air temperature,
relative humidity, and wind speed, in two different
monitoring zones within izmir Province, Turkey. The study
covered a five-year period from January 2017 to December
2021, providing a comprehensive temporal analysis.
Statistical analysis using a one-tailed t-test revealed that
while air temperature had no significant effect on PM10
concentrations, relative humidity was found to be the most
influential factor in both zones[5][8]. Wind speed also
showed a connection, though its impact varied by location
and season. These findings highlight the complex
relationship between meteorological conditions and
pollutant behavior, emphasizing the need for localized
assessments when developing air quality control and
forecasting strategies. In particular, the significant role of
relative humidity in PM10 dispersion suggests that air
quality interventions in Izmir and potentially similar urban
areas should consider atmospheric moisture dynamics as
an important factor.

Human Activity Recognition refers to the process of
identifying everyday actions through the use of sensor
technologies and machine learning techniques. However,
implementing real-time HAR remains a significant
challenge, largely because many existing studies rely on
data collected in controlled, simulated environments
rather than in real-world conditions. To address this gap,
the study proposes a robust recognition model that
integrates Convolutional Neural Networks and Long Short-
Term Memory networks, enhanced by an adaptive batch
size mechanism. This adaptive training approach
dynamically adjusts the batch size within a range of 128 to
1024 during model training and validation, enabling better
handling of data imbalances and variations in feature
normalization[13]. A novel HAR dataset, curated in a
public and uncontrolled setting, was used to evaluate the
model. The system demonstrated exceptional
performance, achieving a lowest average loss of 0.08 *
0.136% and peaking at a classification accuracy of 99.29%.
Additionally, the model outperformed existing methods,
reaching accuracy rates of 99.5% and 99.8% in
comparative benchmarks. These results highlight the
effectiveness of adaptive deep learning frameworks in
enhancing real-time activity recognition under real-world
conditions.

This research investigates the short-term prediction of air
pollution levels in Xi'an and Lanzhou two heavily
urbanized cities in China that regularly face air quality
issues. The study utilizes a blend of correlation analysis
and neural network modeling to examine both direct and
complex associations between the Air Pollution Index and
various meteorological variables. The objective was to
improve forecasting reliability by pinpointing the most
relevant predictors and applying a data-driven model for
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enhanced accuracy. After analyzing extensive datasets, the
researchers found that API values from the three
preceding days, combined with sixteen meteorological
indicators including average, minimum, and maximum
temperatures as well as water vapor pressure were the
most influential for model input. These historical API
values, especially those from one to three days earlier,
showed strong predictive power for estimating near-future
pollution levels. To effectively capture these patterns, a
Wavelet-based Neural Network model was employed. This
type of architecture is particularly well-suited for
interpreting nonlinear characteristics within time-series
data. The training process was refined using a method that
helps reduce overfitting, thus improving the model’s ability
to perform accurately on new, unseen data. When
evaluated against other forecasting models, the wavelet
neural network demonstrated consistently higher
accuracy, reflecting its strength in recognizing both
temporal trends and intricate variable interactions[6]. The
model's performance offers practical insights for
improving short-term pollution forecasts, which could
significantly aid city authorities and public health officials
in crafting timely responses to deteriorating air quality
conditions[4].

Particulate matter, especially PM2.5, represents a critical
risk to both environmental quality and public health due to
its small size, which enables it to deeply infiltrate the lungs
and remain airborne for long periods. Accurately
predicting PM2.5 concentrations remains a considerable
challenge, primarily because the data exhibit nonlinear and
non-stationary behaviors. These fluctuations stem from a
range of dynamic factors, including vehicular emissions,
weather variations, industrial processes, and seasonal
changes, which complicate the modeling of long-term
patterns using traditional forecasting techniques. To tackle
this issue, a novel hybrid model has been introduced that
combines the strengths of Gated Recurrent Units with
Empirical Mode Decomposition. The forecasting
framework begins by applying EMD to the original PM2.5
time series, which separates the data into multiple intrinsic
mode functions. These IMFs represent different frequency
bands, enabling the model to disentangle short-term
variations from broader trends. Once decomposed, the
IMFs are categorized based on their frequency
characteristics, and each group is processed through a
dedicated GRU network[6][8]. GRUs are a streamlined type
of recurrent neural network capable of capturing time-
dependent patterns effectively, while offering lower
computational demands than more complex architectures
such as LSTMs. After processing, the outputs from each
GRU are combined to form a comprehensive prediction.
The model was trained and validated using actual PM2.5
measurements collected in Beijing, a city known for its
recurring air quality issues. Results from the study indicate
that the EMD-GRU approach provides significantly
improved prediction accuracy compared to conventional
models[10]. Its capacity to handle the complexities of

nonlinear air pollution data highlights its potential as a
valuable forecasting tool for environmental regulators and
urban planners focused on mitigating the effects of fine
particulate matter.

This research presents a customized Support Vector
Machine framework designed for forecasting the Air
Pollution Index, offering a solution to the limitations of
conventional prediction methods, which are often
computationally intensive and time-consuming. SVMs are
particularly effective in managing complex, high-
dimensional datasets an essential feature when dealing
with environmental and air quality data that often exhibit
nonlinear characteristics. The effectiveness of the SVM
model depends heavily on three main parameters: the type
of kernel function applied, the epsilon (g) used for error
tolerance, and the penalty parameter (C) that controls the
trade-off between model complexity and error margin.
Among the various kernel functions tested, the Radial Basis
Function proved most efficient, thanks to its ability to
model nonlinear patterns with high precision. To evaluate
the model's performance, the study utilized key metrics
such as the Sum of Squares Error, Mean Squared Standard
Error, and the coefficient of determination[7]. The results
were notably strong, with an SSE of 3.14440, an MSSE of
0.9843, and an R? score that matched the SSE, highlighting
the model’'s accuracy in identifying trends and
relationships in air quality data[4]. The selection of the
RBF kernel played a vital role in not only enhancing the
prediction quality but also improving the model's
computational efficiency. This makes the approach well-
suited for real-time air quality forecasting applications in
urban areas.

The use of budget-friendly air quality sensors represents a
valuable advancement in enhancing air pollution
monitoring systems and raising public awareness about
individual pollutant exposure. These cost-effective devices
are particularly useful in regions where traditional
monitoring infrastructure is either insufficient or absent
due to financial constraints. Despite their advantages, one
significant drawback of low-cost sensors is their
vulnerability to environmental factors and the tendency
for pollutants to interfere with one another issues that
standard lab-based calibration methods often fail to
address. To explore this issue, a recent investigation
assessed the accuracy of various calibration methods
applied to a real-time, low-cost sensor system capable of
tracking multiple pollutants, including carbon monoxide,
nitrogen dioxide, ozone, and carbon dioxide. Among the
three, the random forest model consistently achieved
higher or equivalent levels of precision and reliability over
time[8][9]. The strength of the random forest approach lies
in its capacity to handle complex, nonlinear interactions
and to adjust for fluctuating environmental conditions and
interferences between pollutant signals capabilities that
traditional regression models lack. This adaptability makes
it particularly well-suited for enhancing the reliability of
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sensor outputs. The study highlights the critical role
machine learning can play in refining the calibration
process for affordable air quality monitors[12]. By
incorporating intelligent algorithms into sensor
calibration, it becomes possible to extend the reach and
utility of air monitoring efforts, allowing for real-time,
localized pollution tracking. This integration not only
improves data accuracy but also supports more informed
public health policies and community-level environmental
action.

Motor imagery-based brain-computer interface systems
utilize electroencephalogram signals to decode neural
activity into actionable digital commands, allowing users
to interact with or control external devices solely through
imagined motor actions. These systems have shown
significant promise across diverse domains, particularly in
neurorehabilitation for stroke and spinal cord injury
patients, in the control of prosthetic limbs, and in the
development of assistive technologies for individuals with
severe motor impairments. Despite this potential, one of
the critical challenges limiting the widespread adoption of
EEG-based BCIs is the inconsistent and often suboptimal
performance of signal classification algorithms. This is
primarily attributed to the noisy, non-linear, and non-
stationary nature of EEG data, which complicates the task
of reliably extracting discriminative features. To address
these challenges, a novel hybrid deep learning model has
been developed, integrating Two-Dimensional
Convolutional Neural Networks with Long Short-Term
Memory networks[2]. The CNN component is designed to
extract robust spatial features by processing EEG signals
represented as two-dimensional matrices capturing the
spatial distribution and relationships among electrode
channels. This representation leverages the topographical
structure of EEG caps to model the brain’s functional
layout more effectively. In parallel, the LSTM component is
adept at modeling temporal dynamics by capturing long-
term dependencies and sequential patterns within the EEG
signal. This dual-stream architecture enables the model to
jointly learn both spatial and temporal features, a
significant advantage in decoding complex motor imagery
patterns.A  particularly innovative feature of this
architecture is the inclusion of connectivity-based metrics

such as phase-locking value, coherence, or mutual
information into the LSTM training process. These
features, extracted during the preprocessing stage,

quantify the functional connectivity between different
cortical regions, reflecting how various parts of the brain
coordinate during motor imagery tasks. Their integration
not only enhances the physiological relevance of the model
but also contributes to increased interpretability and
robustness against inter-subject variability and session-to-
session fluctuations. Experimental evaluations conducted
using benchmark EEG datasets demonstrate that the
hybrid CNN-LSTM model significantly outperforms
traditional machine learning approaches and standalone
deep learning models. It achieved an average validation

accuracy of 98.5% and a test accuracy of 93.3%, marking a
notable 3.1% increase in classification accuracy over
conventional techniques[9]. Furthermore, it yielded an
improvement of 0.04 in the F1-score, indicating better
balance between precision and recall. These performance
gains highlight the model's strong generalization
capabilities and its resilience to the inherent variability of
EEG data.

To enhance the precision and robustness of Air Quality
Index forecasting, this study introduces a novel hybrid
deep learning architecture known as VMD-SE-LSTM. This
model is meticulously designed to address the inherent
complexity, nonlinearity, and non-stationarity of AQI time-
series data challenges that arise due to the dynamic
interplay of environmental variables, anthropogenic
emissions, meteorological conditions, and other
unpredictable pollution sources, especially in densely
populated urban regions.The framework initiates the
forecasting pipeline with Variational Mode Decomposition,
a powerful signal processing technique that decomposes
the AQI time-series into a set of Intrinsic Mode Functions.
Each IMF encapsulates distinct frequency components of
the original signal, enabling the model to isolate and
analyze various underlying temporal patterns such as
noise, cyclical behaviors, and long-term trends[10]. This
decomposition step not only enhances signal clarity but
also allows for a more granular understanding of pollution
dynamics by separating transient anomalies from
persistent environmental signals.Following the
decomposition, Sample Entropy is applied to each IMF to
quantify its complexity. This metric assesses the regularity
and predictability of time-series data, providing an
objective basis for selecting the most informative and
structurally meaningful components. By discarding low-
entropy IMFs and emphasizing the more complex and
informative sub-series, the model effectively reduces
computational overhead while enhancing focus on signal
elements that contribute most significantly to forecast
accuracy. Each selected IMF is then modeled using Long
Short-Term Memory networks, which are well-suited for
capturing the temporal dependencies and sequential
dynamics inherent in time-series data. LSTM networks
excel at learning long-term relationships and mitigating
the vanishing gradient problem, making them particularly
effective for AQI forecasting, where pollutant levels may be
influenced by events and conditions from prior days or
even weeks. The independent LSTM models learn to
predict AQI values based on their respective input sub-
series, each contributing a specialized perspective to the
overall prediction. This fusion mechanism ensures that the
prediction integrates both high-frequency variations, such
as rapid pollutant spikes caused by traffic congestion or
industrial activity, and low-frequency components, such as
seasonal or climatological patterns[6][8]. By combining
these temporal insights, the VMD-SE-LSTM model achieves
a more comprehensive understanding of AQI evolution,
leading to more accurate and timely forecasts.
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Experimental evaluations on benchmark urban datasets
reveal that the VMD-SE-LSTM framework outperforms
conventional and state-of-the-art hybrid forecasting
models. In comparative studies, it demonstrated
substantial improvements in standard evaluation metrics
such as Root Mean Square Error, Mean Absolute Error, and
classification accuracy across multiple AQI categories.

Notably, its enhanced generalization ability enables
consistent performance across cities with diverse
environmental and industrial profiles, underscoring the
model's adaptability and scalability.

Table - 1: Methodology and Key findings

Air Quality Prediction

S.No STUDY METHODOLOGY KEY FINDINGS

1 The Influence of Meteorological | MNLR Model Meteorological factors significantly
Factors on Air Quality in Van, Turkey impact PM10 and SO2 levels.

2 Optimizing LSTM Network Using | BChOA-LSTM Achieved 96.41% accuracy;
Binary Chimp Optimization outperformed other deep learning

models for PM2.5 prediction.

3 Influence of Meteorological | Statistical Analysis Relative humidity had the most
Parameters on PM10 in Izmir, significant impact on PM10.

Turkey (t-test)

4 Adaptive Batch Size-Based CNN- | CNN-LSTM with Adaptive Batch | Achieved 99.29% accuracy for human
LSTM Framework Sizes activity recognition, effectively

handling imbalanced data.

5 Air Pollution Forecasting Using | Wavelet Artificial Neural | Improved short-term API prediction;
WANN with Meteorological | Networks (WANN) Bayesian regularization enhanced
Conditions accuracy.

6 Deep Hybrid Model Using EMD for | EMD + GRU Hybrid Model Improved PM2.5 prediction accuracy

by decomposing data into frequency-
based components.

7 Prediction of Air Pollution Index

Support Vector Machine (SVM)

Achieved high accuracy and low error

(API) Using SVM with RBF Kernel rates for complex API prediction tasks.
8 Random Forest Calibration for Low- | Random Forest (RF) Calibration | Enhanced sensor performance by
Cost Air Quality Sensors Model addressing pollutant Cross-
sensitivities ~and  environmental
variations.
9 2D CNN-LSTM Hybrid Algorithm for | CNN-LSTM Hybrid Model Achieved 98.5% accuracy; applicable
EEG Data for time-series data and sequential
prediction tasks.
10 Daily AQI Forecasting using VMD, SE, | VMD + SE + LSTM Hybrid Model | Improved daily AQI predictions by
and LSTM capturing  frequency-specific ~ AQI

series trends.

3. PROPOSED SYSTEM

The objective is to predict the air quality index in advance
using a hybrid model that integrates both DCNN and LSTM.

3.1 System Model

The dataset used for testing and training purpose is time
series air quality dataset which includes pollutants and
meterological parameters. After preprocessing the model
is learned with the extracted features. Once the model is

properly trained and it is assessed by the test data. Several
metrics, including accuracy, precision, recall, F1 score, and
AUC score, are used to assess performance. Figure 3.1
provides the system architecture.

Dataset AQl

Fig - 1: System architecture
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3.2 Data Collection

The dataset for this study includes time-series air quality
data from India, collected from the Central Pollution
Control Board monitoring stations across 14 sites in
Delhi.It provides air quality data spanning the years 2022
and 2023, covering a range of Indian cities. The data spans
from January 1, 2022, to December 31, 2023, and includes
measurements of six air pollutants: PM 2.5, PM 10,
Nitrogen Dioxide, Sulfur Dioxide, and additional key
pollutants. It also includes environmental data, such as
wind speed, temperature, humidity, and wind
direction.The datasets has splitted into two set such as
training set and testing set.

Table -2: Dataset details

TRAINING DAYS 584

TESTING DAYS 146

3.3 Data Preparation

The data is pre-processed using cleaning techniques,
enhancing the learning efficiency of deep learning
models.Raw data is transformed through data pre-
processing into a format that can be processed more
quickly and efficiently in deep learning applications. To
achieve reliable results, the strategies are typically applied
in the very beginning stages of deep learning processing.

3.4 Air Quality Index Computation

The Air Quality Index is calculated using collection of
pollutants and breakpoints that correspond to them. Using
the following formula, a subindex is determined for every
pollutant:

Ip = [IHi - ILo / BPHi - BPLo] (Cp - BPLo) + ILo

Ip = Sub-index for pollutant
Cp = Measured concentration of pollutant

BPLo, BPHi = Lower and upper concentration breakpoints
corresponding to Cp

ILo, IHi = AQI breakpoints corresponding to BPHi, BPLo

The aggregate AQI is calculated as the maximum value of
sub-index of all pollutants taken into consideration:

AQI=max(Ip1,Ip2,..,Ipn)

Once the AQI is computed, it is categorized into classes
based on predefined ranges:

Table - 3: AQI Categorization

AQI RANGE CLASSIFICATION PHYSICAL IMPACT
0-50 Good Air is safe for
breathing.

51-100 Moderate Acceptable air
condition with
potential minor
health concerns for
susceptible groups.

101-150 Unhealthy for It causes major

Sensitive effects to the
Groups individuals who are
weak.

151-200 Unhealthy Increased health
risks for the general
population.

>200 Very Unhealthy Severe health
impacts.

3.5 Windowing

Windowing is a technique used in time-series analysis to
create fixed-length sequences from data, typically for use
in sequential models like LSTMs. It involves defining a
window size and sliding it across the data to create input-
output pairs, where each window represents a sequence of
past observations, and the target is usually the next value
in the series. This method helps capture temporal
dependencies, making it ideal for tasks like air quality
prediction, where past pollutant concentrations are used
to predict future AQI levels.

4. MODELS

4.1 Deep Convolutional Neural Network

The three layers that comprise DCNN are the output layer,
input layer, and hidden layer. The layers of convolution
employ different sets of learnable filters that process the
input image. These filters generate feature maps that draw
attention to particular characteristics and patterns in the
text by sliding in the input layer and performing element-
wise multiplication and combining.Following convolution
layers the pooling layers are applied to downsample the
dimensions of feature maps and lower computational
complexity.After every layers of convolution and pooling,
the Rectified Linear Unit activation function is used.They
give model non-linearity, which facilitates the recognition
of intricate patterns and representations.The fully
connected layers combine the obtained properties to
provide predictions. The dropout layer 1is one
regularisation technique. Its objectives are to make neural
networks more robust, reduce overfitting, and promote
better model generalisation.
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Fig - 2: DCNN Architecture

4.2 Long Short Term Memory
The Long Short-Term Memory model uses its special

architecture, which consists of input gates, forget gates,
memory cells and output gates, to efficiently process

4.3 Hybrid Model

sequential data. As a result, both long-term and short-term
dependencies present in data can be captured by the
model.The information flow through the network is
managed by gates in the LSTM model. These consists of the
candidate hidden state ht',update gate zt, and reset gate rt.

The update gate formula is,
zt=0(wz-[ht-1,xt]+bz)

The reset gate formula is,
rt=o(wr-[ht-1,xt]+br)

The reset gate and the present input xt are used to update
the candidate hidden state ht:

ht'=tanh(w-[rtxht-1,xt]+b)

Lastly,update gate zt weights the collection of candidate
hidden state ht’ and the previous hidden state ht-1 to
generate the final hidden state ht:

ht=(1-zt)xht-1+zt«ht’

‘c ‘= sigmoid function, '’ = dot product, *=element wise
multiplication,

‘h(t-1)’= previous hidden state, xt’= current input, w'=
weight parameter,’b’= bias parameters.

DATA PREPROCESSING

DATASET

: AQI COMPUTATION WINDOWING
DCNN+LSTM
F I
D u M c M C .
SOFTMAX | E L A 0 A 0
N L L X \% X v P
AQI S Y A S Pl |1 P 1 kJ U
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Fig - 3: Hybrid model architecture

ISO 9001:2008 Certified Journal |

© 2025,IRJET | ImpactFactor value: 8.315

Page 57



’,/ International Research Journal of Engineering and Technology (IRJET)
www.irjet.net

JjET  Volume: 12 Issue: 06 | Jun 2025

e-ISSN: 2395-0056
p-ISSN: 2395-0072

By fusing Deep Convolutional Neural Networks with Long
Short-Term Memory networks, the hybrid model forecasts
the Air Quality Index. Nitrogen Dioxide, Sulphur Dioxide,
Carbon Monoxide, Ozone, Particulate Matter 2.5,
Particulate Matter 10 , and other pollutants are processed
by the DCNN for spatial feature extraction, while the LSTM
learns from the sequential nature of the air quality
measurements to obtain time-related dependencies in the
time-series data. This hybrid approach produces a more
accurate and reliable AWI prediction model by enabling
the model to handle both the spatial relationship in the
data and the time-dependent patterns.

4.4 Convolution layer

DCNNs are made up of many layers of convolution, every
layer processes the given image using a different set of
learnable filters, or kernels. These filters create feature

maps that capture specific details and patterns in the text
by sliding across the input and performing element-wise
multiplication and summation.

4.5 Max pooling layer

Pooling layers are commonly applied to reduce the spatial
size of feature maps following the convolutional layers. By
pooling the resources, the network becomes more resilient
to even tiny changes in the input and helps to lower the
computational complexity.

4.6 Fully connected layer

DCNNs usually include single or many fully connected
layers that combine the learned parameters to make
predictions. These layers are frequently utilized in the
network's last phases.

4.7 Activation function

The Rectified Linear Unit activation function is used after
every layers of convolution and pooling layer. They
provide the model non-linearity, which helps it pick up
complex patterns and representations.

4.8 Dropout layer:

One method of regularisation is the dropout layer. It aims
to increase the resilience of neural networks, lessen
overfitting, and improve model generalisation.

5. PERFORMANCE AND RESULT ANALYSIS

5.1 Accuracy

Accuracy refers to the proportion of correct predictions
compared to the total number of predictions. It shows how

well the model recognizes relationships and patterns in the
dataset. The accuracy formula is:

TP + TN

ACCURACY = 5o TN ¥ FP + FN

5.2 Precision

Precision is the ratio of correctly identified instances to the
total number of instances that were predicted as positive.
Every instance of data that is classified as positive and has
a precision value of 1 is a positive instance of data. The
number of positive cases with the label negative that are
projected as positive, it is vital to note, is unaffected by
this.

5.3 Recall

The proportion of positively classified events among all
positively occurring events is represented by recall, also
known as sensitivity. It is defined as follows,

RECALL = ————
TP + FN

5.4 F1 Score:

Precision and recall are not thought to be accurate
indicators of a classifier's performance. F1 has been rated
more significant because it incorporates recall and
precision and provides a score between 0 and 1. It is
calculated as the harmonic average of precision and recall,
providing a balanced measure of both.

PRECISION * RECALL
PRECISION + RECALL

F1 SCORE = 2

5.5 AUC-ROC

The Area Under the Receiver Operating Characteristic
Curve (AUC-ROC) measures how well the model can
distinguish between different classes.

Improved categorization ability is indicated by a higher
AUC score.

TRUE POSITIVE RATE = ——
UE POSITIV TP + FN

FALSE POSITIVE RATE = PN
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Chart - 1: Performance analysis
5.6 Result Analysis
The performance of the DCNN, LSTM, and the hybrid
DCNN-LSTM model was evaluated using the metrics
described. The hybrid model consistently outperformed

the individual models, as shown in the table below:

Table -4: Evaluation metrics

MODEL ACCURACY | PRECISION | RECALL | AUC
DCNN 0.94 0.90 0.90 0.94
LSTM 0.95 0.91 0.91 0.95
DCNN-LSTM 0.97 0.93 0.93 0.97

6. CONCLUSIONS

The Air Quality Index is predicted in urban settings using
the suggested hybrid DCNN-LSTM mode. Convolutional
layers were used in the hybrid DCNN-LSTM model to
extract spatial features, while LSTM layers were used to
extract temporal dependencies. Metrics like precision,
recall, F1, and AUC score are used to assess the suggested
system's robustness and effectiveness. The capacity of
deep learning to handle complicated, high-dimensional
data is used in this approach to get over the drawbacks of
traditional machine learning approaches. The model is
particularly well-suited for real-time air quality forecasting
and monitoring in urban environmental management. The
study demonstrates how deep learning models might
enhance systems for predicting air quality, giving urban
planners and policymakers a potentially helpful tool to
lessen the health hazards related to air pollution. Future
research could concentrate on integrating the model with
real-time monitoring systems for continuous air quality
prediction and refining it for deployment in various cities.
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