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Abstract 

Air pollution has emerged as one of the most critical environmental and 
public health challenges worldwide. The increasing concentration of 
harmful pollutants such as PM2.5, CO₂, NO₂, and SO₂ has necessitated the 
development of accurate and real-time monitoring systems. Traditional 
air quality monitoring methods suffer from limited spatial coverage, 
delayed data processing, and low predictive accuracy. Recent 
advancements in Internet of Things (IoT), machine learning (ML), and 
deep learning (DL) have enabled the development of intelligent air 
quality monitoring systems capable of real-time data acquisition and 
prediction. This review focuses on deep learning and optimization 
approaches for enhancing air pollution detection accuracy using IoT-
enabled systems and advanced architectures such as pyramidal 
convolution and split-attention networks. Recent studies indicate that 
deep learning models, especially CNN, LSTM, and hybrid architectures, 
significantly improve prediction accuracy by capturing complex spatio-
temporal relationships in air quality data. Furthermore, IoT-based 
sensor networks enable continuous monitoring and data collection, 
which enhances model performance and real-time decision-making. The 
paper provides a systematic review of studies from 2020 to 2023, 
highlighting key architectures, methodologies, and optimization 
techniques. A comparative analysis is conducted based on accuracy, 
computational efficiency, and scalability. Finally, the paper discusses 
challenges such as data heterogeneity, sensor reliability, and energy 
consumption, and suggests future research directions including edge 
intelligence, attention-based architectures, and hybrid deep learning 
models. 
 

 
Introduction  
Air pollution has become a global environmental 
crisis, affecting millions of people and 
contributing to severe health conditions such as 
respiratory diseases, cardiovascular disorders, 
and premature mortality. Rapid urbanization, 
industrialization, and increased vehicular 
emissions have significantly worsened air 

quality, especially in developing countries. 
Monitoring and predicting air pollution levels is 
therefore essential for mitigating its adverse 
effects and enabling informed policy decisions. 
Traditional air quality monitoring systems rely 
on fixed monitoring stations that provide limited 
spatial coverage and often fail to capture 
localized pollution variations. These systems are 
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also expensive to deploy and maintain, making 
them unsuitable for large-scale real-time 
monitoring. With the advancement of Internet of 
Things (IoT) technologies, distributed sensor 
networks have emerged as a cost-effective 
solution for continuous environmental 
monitoring. IoT-based systems enable real-time 
data collection from multiple locations, 
improving spatial resolution and data 
availability. 
The integration of artificial intelligence (AI) 
techniques with IoT has further enhanced the 
capabilities of air quality monitoring systems. 
Machine learning and deep learning models are 
widely used for analyzing large-scale 
environmental datasets and predicting air 
pollution levels. Studies show that deep learning 
models outperform traditional statistical 
approaches by effectively capturing nonlinear 
relationships and temporal dependencies in air 
quality data. Among deep learning techniques, 
Convolutional Neural Networks (CNN) are 
effective for extracting spatial features, while 
Long Short-Term Memory (LSTM) networks are 
suitable for time-series prediction. Hybrid 
models combining CNN and LSTM have shown 
superior performance in air quality prediction 
tasks by leveraging both spatial and temporal 
features. Furthermore, attention mechanisms 
have been introduced to improve model 
performance by focusing on relevant features, 
thereby enhancing prediction accuracy. 
Recent advancements include the development 
of pyramidal convolution and split-attention 
networks, which improve feature representation 
by capturing multi-scale information and 
dynamically weighting feature channels. These 
architectures are particularly useful for handling 
complex environmental datasets with high 
variability. Additionally, optimization techniques 
such as metaheuristic algorithms and 
hyperparameter tuning methods are used to 
enhance model performance and reduce 
computational complexity. IoT-based air quality 
monitoring systems also utilize cloud, edge, and 
fog computing frameworks for efficient data 
processing. Edge computing reduces latency by 
processing data closer to the source, enabling 
real-time predictions and faster decision-making. 
However, challenges such as data noise, sensor 
calibration, energy consumption, and system 
scalability remain significant issues. 
This review aims to provide a comprehensive 
analysis of deep learning and optimization 
approaches for air pollution detection and 
monitoring using IoT systems. Special emphasis 
is placed on advanced architectures such as 
pyramidal convolution split-attention networks, 

which represent the next generation of 
intelligent environmental monitoring systems. 
 
Literature Review 
Zhang et al. (2020) proposed a hybrid CNN-LSTM 
framework for fine-grained air pollution 
forecasting. The model effectively captured 
spatial correlations using CNN and temporal 
dependencies using LSTM. Their approach 
demonstrated improved prediction accuracy 
compared to traditional models by leveraging 
both spatial and temporal features. Nandi et al. 
(2023) reviewed the application of neural 
networks and deep learning techniques in air 
pollution prediction. The study highlighted the 
effectiveness of LSTM and ANN models in 
modelling time-series pollution data and 
emphasized the importance of selecting 
appropriate datasets and features for accurate 
prediction. 
Chadalavada et al. (2024) conducted a systematic 
review of AI techniques in air pollution 
monitoring. The study revealed that deep 
learning models are increasingly used due to 
their ability to capture complex spatio-temporal 
relationships, while Random Forest achieved 
high accuracy among ML methods. Prajul et al. 
(2023) proposed an IoT-based air pollution 
monitoring system using a stacked attention-
based deep learning model with optimization 
techniques. The model utilized a vector map 
convolution and attention mechanism to enhance 
prediction accuracy. Results showed significant 
improvements in MAE and RMSE compared to 
existing models . 
Madan et al. (2023) developed a hybrid CNN-
LSTM model for Air Quality Index (AQI) 
prediction. The study demonstrated that hybrid 
models outperform individual CNN or LSTM 
models by capturing both spatial and temporal 
dependencies. The model achieved high 
prediction accuracy using engineered features. Li 
et al. (2020) proposed a deep learning-based air 
quality prediction framework using Long Short-
Term Memory (LSTM) networks to model 
temporal dependencies in air pollution data. The 
study utilized historical datasets containing 
pollutant concentrations such as PM2.5, PM10, 
SO₂, NO₂, and meteorological variables including 
temperature, humidity, and wind speed. The 
LSTM model was specifically designed to 
overcome the limitations of traditional time-
series models like ARIMA, which fail to capture 
long-term dependencies. 
The architecture consisted of multiple stacked 
LSTM layers followed by fully connected layers 
for regression output. The model was trained 
using backpropagation through time (BPTT) and 
optimized using Adam optimizer. Experimental 
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results showed that the LSTM model significantly 
reduced prediction error metrics such as Mean 
Absolute Error (MAE) and Root Mean Square 
Error (RMSE) compared to baseline models. 
However, the study faced challenges related to 
high computational complexity and sensitivity to 
hyperparameter tuning. Additionally, the model 
required large volumes of high-quality data, 
limiting its applicability in regions with sparse 
monitoring infrastructure. 
Ma et al. (2020) developed a hybrid spatio-
temporal deep learning model combining 
Convolutional Neural Networks (CNN) and LSTM 
for urban air quality prediction. The CNN 
component was used to extract spatial features 
from pollution distribution maps, while the LSTM 
network captured temporal dependencies in 
sequential data. The dataset included multi-
source data such as air quality measurements, 
traffic data, and meteorological parameters 
collected from urban monitoring stations. The 
model architecture incorporated multiple 
convolutional layers followed by pooling layers 
and LSTM units to process sequential inputs. 
Results demonstrated that the CNN-LSTM hybrid 
model outperformed standalone CNN and LSTM 
models, achieving higher prediction accuracy for 
PM2.5 levels. The study emphasized the 
importance of integrating spatial and temporal 
information for accurate air pollution 
forecasting. Despite its advantages, the model 
required high computational resources and 
complex data preprocessing. Additionally, the 
dependency on multi-source data integration 
posed challenges in data synchronization and 
quality consistency. 
Kök et al. (2021) conducted a comparative study 
of machine learning algorithms for air pollution 
prediction, focusing on models such as Random 
Forest (RF), Support Vector Machines (SVM), and 
Gradient Boosting Machines (GBM). The study 
utilized historical air quality data combined with 
meteorological variables. The Random Forest 
model emerged as the most effective among the 
evaluated algorithms due to its ability to handle 
nonlinear relationships and high-dimensional 
data. Ensemble learning techniques improved 
prediction accuracy by aggregating results from 
multiple decision trees. 
The study highlighted that machine learning 
models require less computational power 
compared to deep learning approaches and are 
more suitable for real-time applications in 
resource-constrained environments. However, 
these models lack the ability to capture complex 
temporal dependencies present in air pollution 
data. Furthermore, the study pointed out that ML 
models heavily depend on feature engineering, 

which can introduce bias and limit generalization 
capability. 
Jiang et al. (2021) proposed an attention-based 
deep learning model for air quality prediction. 
The model integrated LSTM with an attention 
mechanism to dynamically assign weights to 
different time steps and features, allowing the 
system to focus on relevant information. The 
architecture included   encoder-decoder LSTM 
structure with an attention layer applied 
between them. This design improved 
interpretability by highlighting which input 
features contributed most to the prediction.  
The dataset used in the study included multi-year 
air quality and meteorological data collected 
from multiple monitoring stations. The model 
demonstrated significant improvements in 
prediction accuracy compared to traditional 
LSTM models, particularly for long-term 
forecasting. However, the introduction of 
attention mechanisms increased model 
complexity and computational cost. The study 
also noted that training such models requires 
large-scale datasets and careful tuning to avoid 
overfitting. 
Guo et al. (2022) introduced a graph neural 
network (GNN)-based approach for air pollution 
prediction, addressing the limitations of 
traditional models in capturing spatial 
dependencies. The model represented 
monitoring stations as nodes in a graph, with 
edges representing spatial relationships based 
on geographic proximity or correlation. The GNN 
model incorporated graph convolutional layers 
to learn spatial features and was combined with 
temporal models such as LSTM for dynamic 
prediction. This hybrid GNN-LSTM architecture 
enabled the model to capture both spatial and 
temporal correlations effectively. 
Experimental results showed that the proposed 
model outperformed CNN and LSTM models in 
predicting regional air quality, particularly in 
complex urban environments with multiple 
pollution sources. Despite its advantages, the 
model required detailed spatial information and 
complex graph construction, which may not 
always be available. Additionally, the 
computational overhead associated with graph 
processing posed challenges for real-time 
implementation. 
Kumar et al. (2020) proposed an IoT-based air 
pollution monitoring and prediction system 
integrated with machine learning algorithms. 
The system utilized low-cost sensors deployed 
across urban environments to measure 
pollutants such as PM2.5, CO, NO₂, and SO₂. Data 
collected from sensors were transmitted to cloud 
servers for storage and analysis. The authors 
employed regression-based machine learning 
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models, including Linear Regression and 
Random Forest, for predicting air quality levels. 
The system architecture consisted of three 
layers: sensing layer (IoT devices), 
communication layer (wireless transmission), 
and processing layer (cloud-based analytics). 
Experimental results demonstrated that the 
Random Forest model achieved higher 
prediction accuracy compared to linear models 
due to its ability to capture nonlinear 
relationships. The system also enabled real-time 
monitoring through web-based dashboards. 
However, limitations included sensor calibration 
issues and data noise, which affected prediction 
accuracy. Additionally, reliance on cloud 
infrastructure introduced latency and increased 
operational costs. 
Zhang et al. (2021) developed a deep residual 
network (ResNet)-based model for air quality 
prediction. The model incorporated residual 
learning to address the vanishing gradient 
problem in deep neural networks, enabling the 
training of deeper architectures. The dataset 
included historical air pollution records along 
with meteorological variables. The model 
architecture consisted of multiple residual blocks 
with skip connections, allowing efficient feature 
propagation across layers. 
Results indicated that the ResNet-based model 
outperformed traditional CNN and LSTM models 
in terms of prediction accuracy and convergence 
speed. The model was particularly effective in 
handling complex nonlinear relationships in 
large datasets. Despite its advantages, the model 
required high computational resources and long 
training times. Furthermore, the lack of 
interpretability in deep residual networks was 
identified as a major limitation. 
Singh et al. (2021) proposed a hybrid machine 
learning model combining Support Vector 
Machines (SVM) and Artificial Neural Networks 
(ANN) for air pollution prediction. The model 
aimed to leverage the strengths of both 
techniques—SVM for handling nonlinear 
relationships and ANN for learning complex 
patterns. The study utilized air quality datasets 
from urban monitoring stations along with 
meteorological features. The hybrid model was 
trained using a two-stage approach, where SVM 
performed initial prediction and ANN refined the 
results. 
Experimental evaluation showed that the hybrid 
model achieved higher accuracy compared to 
individual SVM and ANN models. The approach 
also demonstrated robustness in handling noisy 
datasets. However, the model required extensive 
parameter tuning and increased computational 
complexity due to the integration of multiple 

algorithms. Additionally, scalability remained a 
challenge for large-scale deployments. 
Abbas et al. (2022) introduced a deep learning-
based air pollution prediction model using 
bidirectional LSTM (Bi-LSTM) networks. The 
model captured both past and future temporal 
dependencies, improving prediction accuracy for 
time-series data. The dataset included long-term 
air quality records along with meteorological 
variables. The Bi-LSTM architecture consisted of 
forward and backward LSTM layers, enabling the 
model to process information in both directions. 
Results showed that the Bi-LSTM model 
outperformed traditional LSTM and statistical 
models in predicting PM2.5 concentrations. The 
model achieved lower MAE and RMSE values, 
indicating improved accuracy. However, the 
model required significant computational 
resources and was prone to overfitting when 
trained on limited datasets. The study also 
highlighted the need for regularization 
techniques to improve generalization. 
Wang et al. (2022) proposed a transformer-
based deep learning model for air quality 
prediction. The model utilized multi-head self-
attention mechanisms to capture long-range 
dependencies in spatio-temporal data. The 
architecture included encoder-decoder layers 
similar to transformer models used in natural 
language processing. The model processed air 
quality and meteorological data sequences to 
generate predictions. 
Experimental results demonstrated that the 
transformer model outperformed LSTM and 
CNN-based models in terms of accuracy and 
scalability. The self-attention mechanism 
allowed the model to focus on important 
features, improving prediction performance. 
Despite its advantages, the model required large 
datasets and high computational power for 
training. Additionally, the complexity of 
transformer architectures posed challenges for 
real-time deployment in resource-constrained 
environments. 
Sun et al. (2020) proposed a Gated Recurrent 
Unit (GRU)-based deep learning model for air 
pollution prediction. GRU, being a simplified 
version of LSTM, reduces computational 
complexity while maintaining the ability to 
capture temporal dependencies. The study 
utilized time-series air quality datasets including 
PM2.5, PM10, and meteorological parameters. 
The model architecture consisted of stacked GRU 
layers followed by dense layers for regression 
output. Compared to LSTM, GRU required fewer 
parameters, resulting in faster training and 
reduced memory usage. Experimental results 
showed that the GRU model achieved 
comparable accuracy to LSTM while significantly 



International Journal on Advanced Computer Engineering and Communication Technology 

110 

improving computational efficiency. However, 
the study indicated that GRU slightly 
underperformed LSTM in capturing long-term 
dependencies. Additionally, the model's 
performance depended heavily on data 
preprocessing and feature selection. 
Alazab et al. (2021) developed an intelligent IoT-
based air quality monitoring framework 
integrated with deep learning techniques. The 
system architecture included distributed IoT 
sensors, cloud-based data storage, and deep 
learning models for prediction. The authors 
utilized CNN-based models for feature extraction 
and classification of pollution levels. The system 
processed large-scale environmental data 
collected from multiple locations, enabling real-
time monitoring and prediction. The integration 
of IoT with deep learning improved data 
availability and prediction accuracy. Despite its 
advantages, the system faced challenges related 
to data heterogeneity and sensor reliability. 
Additionally, the reliance on cloud infrastructure 
introduced latency and increased operational 
costs. 
Hassan et al. (2021) proposed an ensemble 
learning-based model for air pollution 
prediction. The model combined multiple 
machine learning algorithms, including Random 
Forest, Gradient Boosting, and Support Vector 
Machines, to improve prediction performance. 
The ensemble approach leveraged the strengths 
of individual models, reducing variance and 
improving robustness. The dataset included 
historical pollution data and meteorological 
variables. Results showed that the ensemble 
model outperformed individual models in terms 
of accuracy and stability. However, the model 
required significant computational resources 
and complex model integration. Additionally, 
ensemble models lack interpretability and 
require careful parameter tuning. 
Liu et al. (2022) introduced a spatio-temporal 
graph neural network (GNN) for air pollution 
prediction. The model represented monitoring 
stations as nodes in a graph, with edges 
representing spatial relationships based on 
geographic proximity. The GNN architecture 
included graph convolutional layers for spatial 
feature extraction and temporal modules (such 
as LSTM) for time-series prediction. This hybrid 
approach enabled the model to capture both 
spatial and temporal dependencies effectively. 
Experimental results demonstrated that the 
GNN-based model outperformed traditional CNN 
and LSTM models in predicting regional air 
quality. The model was particularly effective in 
capturing complex interactions between 
different locations. However, the model required 
accurate spatial data and complex graph 

construction. Additionally, the computational 
overhead associated with graph operations 
limited its real-time applicability. 
Verma et al. (2023) proposed an IoT-enabled 
deep learning framework for real-time air 
pollution monitoring and prediction. The system 
integrated edge computing with deep learning 
models to reduce latency and improve response 
time. The architecture included IoT sensors for 
data collection, edge nodes for preprocessing, 
and cloud servers for model training. Deep 
learning models such as CNN and LSTM were 
used for prediction tasks. Results showed that 
the edge-based system significantly reduced 
latency and improved real-time performance 
compared to cloud-only systems. The model 
achieved high prediction accuracy while 
maintaining efficient resource utilization. 
However, the system faced challenges related to 
limited computational resources at edge devices 
and energy consumption. Additionally, 
maintaining synchronization between edge and 
cloud components was identified as a key 
challenge. 
Park et al. (2020) proposed a Deep Belief 
Network (DBN)-based model for air pollution 
prediction. The DBN utilized multiple layers of 
Restricted Boltzmann Machines (RBMs) for 
hierarchical feature extraction from air quality 
datasets. The model was trained using 
unsupervised pre-training followed by 
supervised fine-tuning. The dataset included 
pollutant concentrations (PM2.5, PM10) and 
meteorological variables. Results showed that 
DBN improved feature representation and 
prediction accuracy compared to shallow neural 
networks. The hierarchical learning capability 
allowed the model to capture complex nonlinear 
patterns in environmental data. However, DBNs 
are considered computationally intensive and 
have largely been replaced by more efficient deep 
learning architectures such as CNNs and 
transformers. Additionally, training RBMs is 
time-consuming and requires careful parameter 
tuning. 
Roy et al. (2021) developed a cloud-based IoT 
framework for air quality monitoring and 
prediction. The system consisted of distributed 
sensors, cloud storage, and machine learning 
models for data analysis. The collected data were 
processed using regression models and 
classification techniques to predict pollution 
levels. The study demonstrated that cloud-based 
architectures enable large-scale data processing 
and storage, improving system scalability. The 
system also supported real-time visualization 
through dashboards. However, the reliance on 
cloud computing introduced latency issues and 
increased dependency on network connectivity. 
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Data security and privacy were also identified as 
potential concerns. 
Kaur et al. (2021) proposed a hybrid model 
combining Artificial Neural Networks (ANN) and 
Support Vector Machines (SVM) for air pollution 
prediction. The model aimed to leverage the 
strengths of ANN in feature learning and SVM in 
handling nonlinear classification. The dataset 
included historical air quality and meteorological 
data. The hybrid model achieved higher accuracy 
compared to standalone ANN and SVM models. 
The study emphasized the importance of hybrid 
approaches in improving prediction 
performance. However, the integration of 
multiple models increased system complexity 
and computational cost. The model also required 
extensive feature engineering and parameter 
tuning. 
Zhao et al. (2022) introduced a transformer-
based spatio-temporal model for air pollution 
prediction. The model utilized multi-head self-
attention mechanisms to capture long-range 
dependencies in both spatial and temporal 
dimensions. The architecture consisted of 
encoder layers that processed input sequences 
and attention layers that assigned weights to 
relevant features. The model demonstrated 
superior performance compared to LSTM and 
CNN-based models, particularly in long-term 
forecasting. Despite its advantages, the 
transformer model required large datasets and 
high computational resources. The complexity of 
the architecture also made it difficult to deploy in 
real-time systems. 
Ahmed et al. (2022) proposed a big data analytics 
framework for IoT-based air quality monitoring. 
The system integrated distributed sensors with 
cloud-based data processing and machine 
learning algorithms. The framework utilized 
Hadoop and Spark for processing large-scale 
environmental data. Machine learning models 
such as Random Forest and Gradient Boosting 
were used for prediction. Results showed 
improved scalability and efficient processing of 
large datasets. However, the system required 
significant infrastructure and computational 
resources, making it less suitable for small-scale 
deployments. 
Chatterjee et al. (2022) developed a CNN-based 
model for air pollution classification and 
prediction. The model extracted spatial features 
from pollution data and satellite imagery. The 
architecture included convolutional layers 
followed by pooling and fully connected layers. 
The model achieved high accuracy in classifying 
pollution levels and predicting AQI. However, 

CNN models are limited in capturing temporal 
dependencies, which affects their performance in 
time-series forecasting tasks. The study 
suggested combining CNN with temporal models 
such as LSTM. 
Gupta et al. (2023) proposed a multi-model deep 
learning architecture combining CNN, LSTM, and 
attention mechanisms for air pollution 
prediction. The model incorporated progressive 
dense self-attention to enhance feature 
extraction. The architecture captured spatial 
features using CNN, temporal dependencies 
using LSTM, and feature importance using 
attention layers. Results demonstrated 
significant improvements in prediction accuracy 
compared to baseline models. However, the 
model had high computational complexity and 
required large datasets for training. Optimization 
techniques were necessary to improve efficiency. 
Das et al. (2023) introduced an edge-based IoT 
system for air quality monitoring and prediction. 
The system processed data locally at edge 
devices, reducing latency and bandwidth usage. 
Deep learning models were deployed at the edge 
for real-time prediction. The study showed 
improved system responsiveness and reduced 
communication overhead. However, edge 
devices have limited computational power and 
energy constraints, which restrict the 
deployment of complex deep learning models. 
Zhou et al. (2023) proposed a graph attention 
network (GAT)-based model for air pollution 
prediction. The model extended graph neural 
networks by incorporating attention 
mechanisms to assign weights to different nodes. 
The architecture effectively captured spatial 
dependencies between monitoring stations and 
improved prediction accuracy. The study 
demonstrated superior performance compared 
to traditional GNN models. However, the model 
required complex graph construction and high 
computational resources, limiting its real-time 
applicability. 
Kumar et al. (2023) developed an IoT-enabled 
hybrid deep learning model for air pollution 
monitoring and prediction. The system 
integrated sensor networks with cloud-based 
analytics and used LSTM and attention-based 
models for forecasting. The model achieved high 
prediction accuracy and scalability, making it 
suitable for large-scale environmental 
monitoring systems. However, challenges 
included data synchronization, sensor 
calibration, and integration complexity in IoT 
environments. 
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Comparative Table  
N
o. 

Author 
(Year) 

Technique/M
odel 

Architect
ure Type 

Data Source Key 
Contributi
on 

Performa
nce 
Outcome 

Limitation 

1 Zhang et 
al. (2020) 

CNN-LSTM Hybrid DL Air + 
Meteorologi
cal 

Spatial-
temporal 
modeling 

High 
accuracy 

High 
complexity 

2 Nandi et 
al. (2023) 

ANN/LSTM DL Historical 
AQI 

Survey + 
performan
ce insights 

Moderate-
high 
accuracy 

Data 
dependency 

3 Chadalava
da et al. 
(2023) 

ML/DL Hybrid Hybrid Multi-
source 

Comparati
ve analysis 

RF best in 
ML 

Limited 
real-time 

4 Prajul et 
al. (2023) 

Attention DL CNN + 
Attention 

IoT sensors Improved 
AQI 
prediction 

Reduced 
MAE/RMS
E 

High 
compute 

5 Madan et 
al. (2023) 

CNN-LSTM Hybrid DL AQI dataset Feature 
fusion 

High 
accuracy 

Overfitting 
risk 

6 Li et al. 
(2020) 

LSTM DL Time-series 
AQI 

Temporal 
modeling 

Better 
than 
ARIMA 

Needs large 
data 

7 Ma et al. 
(2020) 

CNN-LSTM Hybrid DL Multi-
source 
urban 

Spatio-
temporal 
learning 

Improved 
PM2.5 
prediction 

Complex 
preprocessi
ng 

8 Kök et al. 
(2021) 

RF/SVM ML AQI + 
Weather 

Ensemble 
compariso
n 

RF best Weak 
temporal 
capture 

9 Jiang et al. 
(2021) 

Attention-
LSTM 

DL Multi-
station data 

Feature 
importanc
e learning 

Higher 
accuracy 

High 
complexity 

10 Guo et al. 
(2022) 

GNN DL Station 
network 

Spatial 
dependenc
y modeling 

Superior 
regional 
prediction 

Graph 
complexity 

11 Kumar et 
al. (2020) 

RF/Regressio
n 

ML + IoT Sensor data Real-time 
monitorin
g 

Good 
accuracy 

Sensor noise 

12 Zhang et 
al. (2021) 

ResNet DL AQI dataset Deep 
feature 
extraction 

High 
accuracy 

Low 
interpretabi
lity 

13 Singh et 
al. (2021) 

SVM + ANN Hybrid 
ML 

AQI dataset Combined 
strengths 

Improved 
performa
nce 

Tuning 
complexity 

14 Abbas et 
al. (2022) 

Bi-LSTM DL Time-series 
AQI 

Bidirection
al learning 

Lower 
RMSE 

Overfitting 

15 Wang et 
al. (2022) 

Transformer DL Multi-
source 

Long-
range 
dependenc
y 

Superior 
accuracy 

High 
resource 
usage 

16 Sun et al. 
(2020) 

GRU DL Time-series 
AQI 

Lightweigh
t temporal 
model 

Fast 
training 

Slightly 
lower 
accuracy 

17 Alazab et 
al. (2021) 

CNN DL + IoT Sensor 
network 

Real-time 
prediction 

Improved 
accuracy 

Cloud 
latency 

18 Hassan et 
al. (2021) 

Ensemble ML AQI + 
Weather 

Robust 
prediction 

High 
stability 

Complex 
integration 

19 Liu et al. 
(2022) 

GNN + LSTM Hybrid DL Spatial 
network 

Spatio-
temporal 
learning 

High 
accuracy 

High 
compute 
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20 Verma et 
al. (2023) 

CNN-LSTM DL + Edge IoT + Edge Low 
latency 
prediction 

Efficient 
system 

Energy 
constraints 

21 Park et al. 
(2020) 

DBN DL AQI dataset Feature 
extraction 

Improved 
learning 

Outdated 
model 

22 Roy et al. 
(2021) 

ML + Cloud IoT 
system 

Sensor + 
Cloud 

Scalable 
monitorin
g 

Good 
performa
nce 

Latency 

23 Kaur et al. 
(2021) 

ANN + SVM Hybrid 
ML 

AQI dataset Hybrid 
improvem
ent 

Better 
accuracy 

Complexity 

24 Zhao et al. 
(2022) 

Transformer DL Multi-
source 

Spatio-
temporal 
attention 

Very high 
accuracy 

Expensive 
training 

25 Ahmed et 
al. (2022) 

Big Data + ML IoT + 
Cloud 

Large 
datasets 

Scalable 
processing 

Efficient 
computati
on 

Infrastructu
re cost 

26 Chatterjee 
et al. 
(2022) 

CNN DL Satellite + 
AQI 

Spatial 
extraction 

High 
classificati
on 
accuracy 

No temporal 
modeling 

27 Gupta et 
al. (2023) 

CNN-LSTM-
Attention 

Hybrid DL Multi-
source 

Progressiv
e attention 

Best 
performa
nce 

High 
complexity 

28 Das et al. 
(2023) 

DL + Edge IoT Edge Sensor data Real-time 
prediction 

Low 
latency 

Limited 
resources 

29 Zhou et al. 
(2023) 

GAT DL Graph-
based AQI 

Attention 
on nodes 

High 
accuracy 

Complex 
design 

30 Kumar et 
al. (2023) 

LSTM + 
Attention 

Hybrid DL IoT + Cloud Scalable 
prediction 

High 
accuracy 

Integration 
issues 

 
Comparative Analysis  
The analysis of 30 studies from 2020 to 2023 
reveals a clear evolution from traditional 
machine learning models to advanced deep 
learning architectures in air pollution prediction. 
Early approaches relied on regression models 
and ensemble learning techniques, which 
provided moderate accuracy but struggled with 
complex temporal dependencies. Deep learning 
models such as LSTM, CNN, and GRU significantly 
improved performance by capturing nonlinear 
relationships and time-series patterns. Hybrid 
models combining CNN and LSTM emerged as 
highly effective, as they integrate spatial and 
temporal features. Attention-based models 
further enhanced prediction accuracy by 
focusing on relevant features, reducing noise and 
improving interpretability. Transformer-based 
and graph neural network models demonstrated 
superior performance in handling large-scale 
and spatially distributed datasets. IoT-based 
systems improved real-time data collection and 
monitoring capabilities, while edge and fog 
computing reduced latency. However, challenges 
such as computational complexity, energy 
consumption, and data heterogeneity persist. 
Multi-model architectures with progressive 

dense self-attention show the highest potential 
for future air pollution prediction systems. 
 
Discussion  
The integration of IoT with deep learning has 
significantly improved the efficiency and 
accuracy of air pollution monitoring systems. The 
reviewed studies demonstrate that deep learning 
models, particularly hybrid architectures, 
outperform traditional machine learning 
approaches by effectively capturing complex 
spatio-temporal relationships in environmental 
data. The use of attention mechanisms further 
enhances model performance by prioritizing 
relevant features, thereby improving prediction 
accuracy. IoT-based systems enable real-time 
data collection from distributed sensors, 
providing high-resolution environmental data. 
Edge and fog computing frameworks address 
latency issues by processing data closer to the 
source, enabling faster decision-making. 
However, these systems introduce challenges 
such as limited computational resources, energy 
constraints, and system complexity. Future 
research should focus on developing lightweight 
and energy-efficient models that can be deployed 
on edge devices. Additionally, integrating 
optimization techniques and advanced 
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architectures such as pyramidal convolution 
split-attention networks can further enhance 
prediction accuracy. Addressing data 
heterogeneity and improving model 
interpretability are also critical for the successful 
deployment of intelligent air quality monitoring 
systems. 
 
Conclusion  
Air pollution monitoring and prediction have 
become increasingly important due to the 
growing impact of environmental pollution on 
human health and ecosystems. This review 
analyzed 30 studies conducted between 2020 
and 2023, focusing on deep learning and 
optimization approaches for enhancing air 
pollution detection accuracy using IoT-based 
systems. The findings indicate that IoT 
technologies play a crucial role in improving data 
collection and enabling real-time monitoring. 
Distributed sensor networks provide high-
resolution environmental data, which enhances 
the performance of predictive models. However, 
challenges such as sensor reliability, data noise, 
and energy consumption remain significant 
issues. 
Deep learning models, particularly LSTM, CNN, 
GRU, and hybrid architectures, have 
demonstrated superior performance compared 
to traditional machine learning methods. These 
models effectively capture complex spatio-
temporal relationships in air quality data. 
Attention mechanisms further enhance model 
performance by focusing on relevant features, 
improving prediction accuracy and 
interpretability. Advanced architectures such as 
transformer models, graph neural networks, and 
multi-model frameworks have shown promising 
results in handling large-scale and complex 
datasets. The integration of pyramidal 
convolution and split-attention networks 
represents a significant advancement in feature 
extraction and model optimization. 
Edge and fog computing frameworks have 
improved system responsiveness by reducing 
latency and bandwidth requirements. However, 
the deployment of deep learning models on 
resource-constrained devices remains a 
challenge. Future research should focus on 
developing lightweight models and optimizing 
computational efficiency. In addition, integrating 
multiple data sources, including satellite 
imagery, IoT sensor data, and meteorological 
information, can further improve prediction 
accuracy. The use of federated learning and 
privacy-preserving techniques is also essential 
for addressing data security concerns in 
distributed systems. Overall, the combination of 
IoT and advanced deep learning architectures 

has the potential to revolutionize air pollution 
monitoring and prediction systems. Continued 
research in this field will lead to the development 
of intelligent, scalable, and efficient 
environmental monitoring systems capable of 
addressing the challenges posed by air pollution. 
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