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SUMMARY

Hazardous air pollutants (HAPs) can be a critical risk to the sustainability of the environment and human
health, which must be addressed by highly sophisticated predictive models to eliminate risks successfully.
In this study, the researcher presents a hybrid deep learning model that combines Convolutional Neural
Networks (CNNs) with the ability to extract the spatial features of the air quality with Long Short-Term
Memory (LSTM) networks to learn the temporal relationships between air quality data. The study
leverages the live Internet of Things (IoT) sensor data of urban and industrial areas in India where the
researchers monitor the levels of PM,s, PM;,, NO,, SO,, temperature, and humidity. Principal
Component Analysis (PCA) was used to select the best features that retain 95% of data variance; hence,
the best model performance and lower redundancy were attained. The framework was strictly compared
to baseline models in terms of such metrics as Mean Absolute Error (MAE), Root Mean Squared Error
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(RMSE), and latency. CNN-LSTM model showed great predictive performance, having an MAE of 3.2
pg/m3 and RMSE of 5.6 pg/m3, which were notably higher than those of Random Forest (MAE: 6.3
pg/m3) and XGBoost (MAE: 5.9 mu g/m3). Moreover, the Model registered the shortest prediction
latency of 120 ms and a computational cost of 2.3 million FLOPs, which validated the Model to be real-
time deployable. These findings demonstrate the possible role of deep learning in early warning systems,
and further studies are focused on the enhancement of the approaches with reinforcement learning to
manage pollution dynamically.

Key words: air quality prediction, deep learning, CNN-Istm, IOT-based monitoring, environmental risk,
pollution forecasting.

INTRODUCTION

Hazardous Air Pollutants (HAPs) are a great threat to the environment and human health, characterized
by their associations with severe health problems such as cancer, lung diseases, and developmental
defects. Aspects that include benzene, formaldehyde, and lead are only a few of the numerous harmful
compounds contained in HAPs. The sources of these substances may be manifold, such as daily domestic
products, automobile exhaust, and industrial emissions. The U.S. desperately requires proper monitoring
and regulation of these pollutants, of which the Environmental Protection Agency (EPA) has identified
more than 187.

The dangers of being exposed to HAP are common in urban regions because of their dense population
and industries. According to the long-term exposure to such pollutants, chronic health problems may
occur, which highlights the importance of efficient methods of detection and management. Monitoring
and control of the hazardous air pollutants have transformed radically with the advent of the Internet of
Things (IoT). IoT sensors can be used to measure the air quality continuously, and data on the HAP
concentrations in the atmosphere can be obtained in real time. Such sensors can actually define specific
pollutants through the use of various detection technologies, such as gas chromatography,
electrochemical sensors, and laser-based technologies. It can be placed in any environment, whether a
busy city, an industrial facility, or remote places, and can be used to cover a great variety of locations,
allowing comprehensive monitoring and the rapid detection of HAP. It is possible to upload and analyze
the data that these sensors collect and transmit to centralized cloud platforms to predict the trends and
provide prompt notifications to the public and authorities. Moreover, using IoT sensors with machine
learning algorithms, a more accurate prediction of pollution can be provided, taking into consideration
past data, weather trends, and other relevant factors. This is a proactive measure that empowers the
communities and lawmakers to implement policies that will reduce the adverse impacts of harmful air
pollutants, eventually protecting the environment and the health of people.

An air pollution monitoring system is an Internet of Things (IoT)-based system that gathers real-time
data on air quality and strives to improve the health of the population by notifying the citizens and the
authorities in a timely manner [1]. In the proposed framework, low-cost sensor deployment to enhance
efficient monitoring is highlighted. It involves the use of IoT technologies IoT-Mobair system is a
mobile air pollution monitoring network that transmits real-time air quality data to enhance the
management of the urban environment [2]. It features a focus on intuitive user interfaces to have a good
visualization of data. An affordable case of the Internet of Things (IoT)-based air pollution monitoring
system involves a sensor with which an individual can detect pollutants and program to work in practical
use in a range of environments [3]. It highlights the importance of continuous monitoring in the health
and safety of people. To analyze the trends of pollution, another study develops a predictive and
monitoring system of air pollution based on the use of IoT technologies by fusing the real-time devices
data collection and predictive analytics [4].

The primary objective is to improve decision-making on environmental policies. Smart environment
development on pollution monitoring using IoT employs diverse sensors to collect voluminous
information that supplements environmental response and awareness [5]. The IoT-based approaches to
the detection and visualization of hazardous gases are also described with a system that can detect
multiple gases and present the data in the form of a graph to attain an easier understanding [6]. The
objective is to achieve greater awareness among citizens on air quality matters. An Arduino-powered air
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pollution monitoring system with sensors is an efficient way to transfer data and monitor various
pollutants using the Internet of Things [7].

It pays attention to cheap solutions that could be applied both in practical and educational contexts.
Multi-sensor Internet of Things IoT, which is used to monitor air pollution in a comprehensive manner,
combines several sensor technologies to enhance coverage and precision [8]. The research gives
importance to the data integration in environmental analysis. An underground mine real-time air quality
monitoring system involves Internet of Things technology to ensure the safety of workers by continually
tracking and signaling the air pollution's dangerousness to prevent health risks [9]. Predictive capabilities
can also enhance the air quality management shown by the application of machine learning algorithms
to detect pollution and rerouting in an environmental monitoring system with the Internet of Things [10].
It reveals the importance of incorporating real-time information in order to make prudent decisions. One
of the studies on vehicular pollution monitoring with IoT technologies suggests a system that will
monitor vehicle emissions in real-time with the aim of providing information to control the traffic in
cities [11] [22].

The focus on user interaction and access to data makes an Internet of Things-based smart air pollution
monitoring system an available system [12]. Through Thing Speak and Blynk applications, an Internet
of Things-based air pollution monitoring system allows monitoring the air quality and accessing the data
easily and remotely. The study concentrates on applications that are useful to create awareness amongst
communities [17] [18].

Another study analyzing the issue of air quality in hair salons through the loT-based system and its main
topics is hazardous air pollutants and health risk assessment [13] [19]. The authors emphasize the
importance of keeping the indoor air quality of specific settings in focus to foster the quality of health
conditions in the personal care industry. An [oT-based system with sensors to monitor air and sound
pollution is provided to offer a comprehensive evaluation of the environment [14] [20]. The idea is to
create awareness of the pollution level in the cities. To enhance the data collection methods and the
turnaround time, an intelligent IoT-based air pollution tracking system employs the latest embedded
technologies [15][21]. The use of smart sensors and wireless sensor networks (WSN) to monitor
hazardous pollutants is another study that points out the requirement of real-time data to support efficient
environmental management [16] [23].

Key Contributions
The study’s key contributions to the field of environmental monitoring and deep learning include:

e Integration of CNNs for spatial feature extraction and LSTMs for temporal sequence modeling to
improve HAP prediction accuracy.

e Implementation of Principal Component Analysis to reduce data redundancy and enhance
computational efficiency for real-time processing.

e Development of a system that utilizes calibrated [oT sensors for high-frequency, multi-pollutant
data collection in dense urban environments.

e Demonstration of a high-performance model achieving a low MAE of 3.2 pg/m?, outperforming
traditional machine learning baselines like Random Forest and XGBoost.

e Quantitative analysis of how temperature and humidity specifically influence pollutant
concentrations across various industrial hubs.

The study begins with an Introduction discussing the health risks of hazardous air pollutants and the role
of IoT in monitoring. Section 2 details the experimental analysis, covering data collection across Indian
cities and preprocessing techniques. Section 3 outlines the hybrid CNN-LSTM methodology and PCA-
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based feature selection. Section 4 presents comprehensive results and comparative performance metrics.
Finally, Section 5 concludes the study and suggests future research directions.

EXPERIMENTAL ANALYSIS
Data Collection

The data were taken in many cities and industries across India, paying attention to the largest cities such
as Delhi, Mumbai, and Bengaluru, where air quality is a great challenge. The sensors were installed in
places of heavy transportation, industrial locations, and residential areas to collect massive amounts of
information. The availability of data on the pollution levels in the areas determined by regional
government and environmental organizations influenced the process of site selection, which ensured that
the sites selected fairly present a spectrum of pollution causes. PM2 or particulate matter. The sensors
provided the sensors with a reliable data to be analyzed based upon constant monitoring of the
temperature, humidity, nitrogen dioxide (NO,), sulfur dioxide (SO:), volatile organic compounds
(VOCs), and PM o, among others. In Figure 1, the collection places of the data are shown.
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Figure 1. Data collection
Data Measurement

Internet of Things sensors that could transmit and monitor data in real time were calibrated and used to
measure the data. Each sensor periodically recorded air quality metrics, which facilitated the collection
of time-series data required to understand pollution patterns. It was added to assess the potential impact
of temperature and humidity readings on pollutant behavior and air quality. GPS functionality was also
installed in each sensor to ensure precise geographic location tracking and facilitate a comprehensive
spatial analysis of HAP distribution across the monitored areas. The collected data was then added to a
central database for further analysis. The sensors for air quality are shown in Figure 2.
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Figure 2. (a) Air quality sensor (b) temperature sensor
Data Classification

Data preprocessing was a fundamental part of the quality and reliability of the data. About the gathered
raw data, preprocessing algorithms comprised data cleaning, data normalization, and outlier detection.
To improve the integrity of the dataset, all the erroneous or missing records were eliminated to begin
with. The values of various measures of air quality were standardized so that significant comparisons
can be made across various parameters. The methods of outlier detection, such as the Z-score method,
were then used to identify the effect of the outliers that may bias the analysis. Time-series information
was also presented in a manner that was open to clustering and classification algorithms, which
guaranteed the dataset was ready to undergo further analysis.

PROPOSED TECHNIQUE
Hybrid CNN-LSTM-Based Air Pollution Prediction Model

The Extraction of spatial features is carried out with the help of convolutional neural networks (CNNs),
and sequential patterns recognition in the proposed hybrid deep learning model is provided with the help
of Long Short-Term Memory (LSTM) networks. CNN finds spatial dependencies, whereas LSTM
captures time-dependent dependencies, which are crucial in time-series forecasting in pollutant
concentration data. To ascertain spatial characteristics in the air pollution parameters, the expressions or
parameters are in the form given below. The CNN layer employs convolutional operations first.

The architectural design of the proposed hybrid CNN-LSTM model to predict the hazardous air
pollutants is presented in Figure 3. This is initiated by a Real-time IoT Sensor Data Feed, which is
followed by data preprocessing and Principal Component Analysis (PCA) to maintain 95% of the
Variance with the minimum noise. The fundamental structure is based on a 1D-CNN layer that achieves
the spatial features and an LSTM layer capturing complicated temporal relationships. The hybrid
combines the properties through a Concatenation and Dense Layer to produce accurate forecasts of the
pollutants. The Model can be used to provide efficient low-latency mitigation of environmental risk with
an MAE of 3.2 and RMSE of 5.6.
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Figure 3. Schematic framework of the hybrid CNN-LSTM model for real-time HAP prediction

These define the convolutional feature mapping, LSTM state updates, and the PCA-based eigenvalue
decomposition for optimized dimensionality reduction.
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blis the bias term. The extracted features are then passed to the LSTM layer, which updates its cell state
C; based on input X,and previous state C;_; as in equation (2):

Where equation (1) represents x; 7~ is the feature map at layer 1, Wnlm represents the kernel weights, and

Co=fe Coqg+ir-C - (2)

where f, and i, are forget, and input gates, and C; is the candidate cell state. The final pollutant
concentration prediction J; is given by in equation (3):

Ve = Wohe + b, - (3)

where W, and b, are learned weights and biases, and h; is the hidden state. The hybrid Model effectively
combines spatial and temporal feature extraction for accurate forecasting.

Principal Component Analysis (PCA) for Feature Selection
Dimensionality reduction is done using Principal Component Analysis (PCA) to maximize model
performance. PCA reduces redundancy while identifying the most important air quality parameters. The

covariance matrix’s eigenvalue decomposition is used to transform the dataset X, which includes
meteorological and pollutant concentration data represented in equation (4).

1 n
c =5;(Xi—u)(xi—uf > @
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where C is the covariance matrix, X; represents data points, and p is the mean vector. The principal
components are obtained by solving the eigenvalue equation (5):

Cv=Av —(5)

where the corresponding eigenvalues are denoted by A and the eigenvectors (principal components) by
v. Projecting the original features onto the principal components yields the transformed dataset.

Z=XW > (6)

where equation (6) represents W, which is a matrix of selected eigenvectors. By retaining components
explaining 95% variance, PCA improves computational efficiency without compromising predictive
accuracy.

The algorithm combines spatial feature detection using 1D - CNN layers with temporal sequencing using
gated LSTM cells to understand complicated pollutant dynamics. Principal Component Analysis (PCA)
is used to factor out the covariance matrix to extract principal eigenvectors explaining 95% of the data
variation, since this is necessary to make the computation powerful. Such an integrated mathematical
technique reduces the redundancy of inputs and achieves a maximum predictive accuracy, enabling the
Model to extrapolate latent environmental patterns into precise real-time concentrations.
Spatial-Temporal Forecasting Model
# INITIALIZATION
# Define the hybrid neural architecture
HybridModel = Sequential ([

InputLayer (shape=(TimeSteps, Features)),

PCA_Layer(variance_threshold=0.95),

Conv1D (filters=64, kernel_size=3, activation='ReL.U"),

MaxPooling1D(pool size=2),

LSTM (units=100, return_sequences=False),

Dropout(rate=0.2),

Dense (units=1, activation='linear")
D
# TRAINING PHASE
# Initialize weights using Glorot Uniform distribution
Model.Compile(optimizer='"Adam’, loss='MSE")
FOR epoch IN range (MaxEpochs):

FOR (X batch, y batch) IN TrainingData:

Prediction = Model.ForwardPass(X_batch)

Technical Institute Bijeljina, Archives for Technical Sciences. Year XVII — N " 34 666



Dr.Muralisankar,K. et al: Deep learning-driven... ... Archives for Technical Sciences 2025,34(3),660-674

LossValue = Calculate Loss (y_batch, Prediction)
Model.BackwardPass(LossValue) # Backpropagation
Update Weights (Adam_Optimizer)
# Check for early stopping to prevent overfitting
IF ValidationLoss(epoch) >= ValidationLoss(epoch-10):
BREAK Training
# INFERENCE PHASE
FUNCTION GetPrediction (LiveSensorData):
ProcessedData = Standardize_and PCA(LiveSensorData)
Prediction = Model.Predict(ProcessedData)
RETURN Prediction

The algorithm defines a three-step systematized method of real-time air quality prediction. In the course
of the Initialization, the sequential hybrid Model is built, combining Principal Component Analysis as a
method of feature compression with ID-CNN and LSTM layers as a method of spatio-temporal learning.
The Training Phase is based on Adam optimizer and Mean Squared Error loss that uses backpropagation
to adjust model weights over 100 epochs with an early-stopping measure to avoid overfitting. Lastly,
the Inference Phase allows real-time deployment, where real-time streams of IoT sensors can be
converted and standardized using the pre-trained pipeline to provide quick, high-accuracy pollutant
concentration forecasts to aid in the mitigation of risk.

RESULTS AND DISCUSSION
Software and Experimental Setup

The study was implemented in Python 3.9 and TensorFlow 2.8 library with a Keras backend to develop
the Model. NumPy, Pandas, and Scikit-learn suites were used to manipulate the data and to do feature
engineering. To run the Model quickly to converge and process the high-dimensional IoT data, the
experiments were implemented on a hardware platform that included an NVIDIA GeForce RTX 3060
graphics card and 16GB of DDR4 RAM, which has enough power to train deep neural networks
effectively.

Comprehensive Dataset Information: The dataset contains about 150,000 hourly measurements of the
IoT-based monitoring stations in five Indian metropolitan urban centers: Delhi, Mumbai, Bengaluru,
Chennai, and Kolkata. These characteristics are critical pollutants, including PM 2.5, PM, 5, PM;,,
NO,, SO,, as well as the meteorological variables such as temperature and humidity. In order to have a
strong evaluation, the data was divided into 70 training, 15% validation, and 15 testing, with the use of
Min-Max scaling to normalize all the input data values between 0 and 1.

Initialization of Parameters and Hyperparameters, model stability was ensured through the use of the
Glorot Uniform (Xavier) initializer of weight distribution. Adam Optimizer with a learning rate of 0.001
and a batch size of 64 was used in the training process. The CNN layers were set up to have 64 (3-size)
filters, and the LSTM module used 100 hidden units to learn time sequences. In order to avoid
overfitting, the training logic was augmented with a Dropout rate of 0.2 and an early-stopping
mechanism with a patience of 10 epochs.

Technical Institute Bijeljina, Archives for Technical Sciences. Year XVII — N " 34 667



Dr.Muralisankar,K. et al: Deep learning-driven... ... Archives for Technical Sciences 2025,34(3),660-674

Discussion of Performance

The inclusion of Principal Component Analysis (PCA) and the strategy of the model initialization were
of great use and enabled the Model to converge after only 45 epochs. The system had achieved an
impressive latency of prediction of 120 ms by transforming the corresponding input space of six
dimensions into three major components. These code and parameter sets indicate that the CNN-LSTM
hybrid model is well adapted to be executed in resource-constrained [oT edge devices and can provide
a balance between the predictive accuracy and the speed of operation.

In order to give a stringent quantitative analysis of the CNN-LSTM model, the performance metrics that
are used are as follows. These equations calculate the difference between the values (y1) that are
predicted and the real observed values (yi) in each of the samples (n).

Evaluation Metrics and Formulas

Mean Absolute Error (MAE)

MAE equation (7) measures the average magnitude of errors in a set of predictions, without considering

their direction. It provides a linear score where all individual differences are weighted equally in the
average.

n
1
MAE = = |y, =9 - (7)
i=1

Root Mean Squared Error (RMSE)

RMSE equation (8) is a quadratic scoring rule that measures the average magnitude of the error. It is
particularly useful when large errors are undesirable, as it gives a relatively high weight to large
deviations by squaring the differences before averaging.

1 n

_ . — 4.2

né lyi — ¥il
i=1

Mean Absolute Percentage Error (MAPE)

RMSE = - (8)

To understand the prediction error relative to the actual concentration levels, MAPE is employed. It
expresses accuracy as a percentage, making it easier to communicate the Model's reliability across
different pollutant scales shown in equation (9).

n

100% 1 9,
MAPE = O—Z |¥| - (9)
i

n nd
i=1

Coefficient of Determination (R? Score)

The R? score indicates how well the independent variables (meteorological and sensor data) explain the
variability of the dependent variable (pollutant levels). A value closer to 1 implies a perfect fit, shown
in equation (10).

L _ )2
S -

(where ¥ is the mean of the observed data)
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By applying these formulas to the test dataset, the proposed framework achieved an MAE of 3.2 pg/m?
and an RMSE of 5.6 pg/m®. These low error values, combined with an R? score of 0.94, confirm that
the hybrid CNN-LSTM model effectively captures the non-linear dynamics of hazardous air pollutants
with high statistical significance.

Model Performance Analysis

Table 1 and Figure 4 illustrate the output of the performance analysis of the different models, which
indicate significant variations in terms of latency, Mean Absolute Error (MAE), and Root Mean Squared
Error. Error (RMSE). Here, the CNN-LSTM model showed superior predictive performance in terms of
the smallest RMSE of 5. 6 pg/m?® and the smallest MAE of 3. 2 pg/m?. On the other hand, the most
inaccurate model with the largest RMSE of 10. 2 mcg/m3 and the largest MAE of 6. 3 pg/m® was the
Random Forest model.

2 CNN-LSTM =LSTM CNN Random Forest = XGBoost

12

10

MAE (pg/m3) RMSE (ug/m3)
(a)

LATENCY (MS)
250

200 /\
150

100
50
0
CNN-LSTM LSTM CNN Random Forest XGBoost
(b)

Figure 4. Model performance analysis (a) evaluation metrics (b) Latency

Also, the latency was different between the models. The latencies of CNN-LSTM were the lowest, with
the lowest value being 120 ms and the highest of 210 ms being the latencies of Random Forest. The
CNN and LSTM models had a decent result with an MAE of 5. 1 pg/m® and 4. 8 pg/m?, respectively,
with an XGBoost at 5. 9 pg/m3. Based on the findings, the CNN-LSTM provided the best trade-off
between computational cost and accuracy.
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Table 1. Performance evaluation of CNN-LSTM model

Model MAE (ug/m®) | RMSE (ug/m?) | Latency (ms)
CNN-LSTM 3.2 5.6 120
LSTM 4.8 7.9 145
CNN 5.1 8.4 140
Random Forest 6.3 10.2 210
XGBoost 5.9 9.7 200

Feature Selection Using PCA

The results of the variance retention analysis using the Principal Component Analysis (PCA) as reported
in Table 2 showed that the first principal component (PC1) was the one whose Variance was the highest,
40.3%. The second principal component (PC2) was 25.6% variance, PC3, PC4, and PC5 were 15.8,
10.2, and 8.1 %, respectively. The total Variance accounted for by the first two principal components
was over 65, which means that most of the information was contained in the first two principal
components. The largest contribution to the Variance of data was made by PCI1, and the lowest
contribution to the variance retention was made by PCS.

Table 2. PCA variance retention

Principal Component | Explained Variance (%)
PCl 40.3
PC2 25.6
PC3 15.8
PC4 10.2
PC5 8.1

Prediction Accuracy Across Different Cities

There existed a variability in the model performance in various cities, as shown in Table 3 as well as
Figure 5. The CNN-LSTM model had the lowest value of 3.0 ug/m?, which was found in Bengaluru and
closely seconded by Mumbai, with an MAE of 3.1 pg/m?®. The MAE in Delhi, Chennai, and Kolkata was
slightly higher (3.4 pg/m®, 3.3 ug/m*and 3.5 pg/m?), respectively.

—4— MAE (ng/m*) RMSE (ng/m?)

10

9

8

7
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5

4 — X R N
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DELHI MUMBAI BENGALURU CHENNAI KOLKATA

Figure 5. Prediction accuracy

Similarly, Bengaluru had the lowest RMSE of 5.4 ng/m?, whereas Kolkata had the highest RMSE of 5.9
ug/m3. The findings showed that there were the highest levels of prediction accuracy in Bengaluru and
Mumbai, with Kolkata showing the highest prediction error.
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Table 3. Model performance across cities

City MAE (ug/m®) | RMSE (ug/m?)
Delhi 34 5.8
Mumbai 3.1 5.5
Bengaluru 3.0 54
Chennai 3.3 5.6
Kolkata 3.5 5.9

Computational Efficiency Analysis

The analysis of the computational performance demonstrated the direct dependence of the dataset size
and processing time, as illustrated in Table 4. The processing time of 10, 000 samples was 110 ms, but
the processing time grew gradually with the size of the dataset. Using 20,000 and 30,000 samples (if the
dataset had 20,000 and 30,000 samples, respectively), the processing time increased to 130 ms and 150
ms, respectively. The processing time of 40,000 samples was measured at 175 ms, and for 50,000
samples, it had a maximum of 200 ms. The results revealed that the larger the size of the dataset, the
higher the computational processing time, making it necessary to establish optimal data handling.

Table 4. Computational performance analysis

Dataset Size (Samples) | Processing Time (ms)
10,000 110
20,000 130
30,000 150
40,000 175
50,000 200

Air Pollutant Prediction Trends

The prediction accuracy for different pollutants, as outlined in Table 5 and Figure 6, demonstrated that
PM2.5 had the lowest MAE of 3.1 pg/m*® and RMSE of 5.5 pg/m?, indicating the highest prediction
accuracy. PM10 exhibited an MAE of 3.4 pg/m® and RMSE of 5.8 pg/m?, whereas NO2 and SO: had

MAE values of 3.3 pg/m? and 3.2 pg/m?, respectively.

PM2.5 PM10 NO: SO:

MAE (pg/m?) RMSE (pg/m?)

Figure 6. Air pollutant prediction

The RMSE for NO: and SO: were 5.6 ug/m?* and 5.7 pg/m?, respectively. PM2.5 had the most precise
predictions, whereas PM 10 exhibited the highest error among all pollutants
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Table 5. Prediction accuracy for different pollutants

Pollutant | MAE (ug/m?) | RMSE (ug/m?)
PM2.5 3.1 5.5
PM10 3.4 5.8

NO: 33 5.6
SO- 3.2 5.7

Impact of Meteorological Parameters on Predictions

The relationship between the meteorological variables and the pollutants was decomposed using Table
6, which indicated that temperature was negatively related to all pollutants, with the highest negative
relationship recorded between temperature and PM2.5 of -0.45, then NO2 with -0.42, then PM 10 with
-0.39, and finally SO2 with -0.37. On the other hand, the level of humidity showed a positive correlation
to all pollutants, and most importantly, PM2.5 had the highest value of 0.52, followed by NO2 with a
value of 0.50, and PM10 with 0.48, and then SO2 with 0.46. The results implied that the rise in
temperature reduced the concentration of the pollutants, and the greater the humidity levels, the higher
the concentration of the pollutants.

Table 6. Correlation between meteorological parameters and pollutants

Factor PM2.5 | PM10 | NO: | SO:
Temperature | -0.45 | -0.39 | -0.42 | -0.37
Humidity 0.52 0.48 | 0.50 | 0.46

Comparative Study with Baseline Models

A comparative analysis of the model output performance on HAP prediction, as it is illustrated in Table
7, revealed that the CNN-LSTM model had the best performance in terms of MAE of 3.2 ug/m* and
RMSE of 5.6 pg/m?, and is therefore more accurate, as shown in Figure 7.

—&— MAE (pg/m?) RMSE (pg/m?)
12
10
8
: /\-‘\A -
4 O— 4
2
0
CNN-LSTM RANDOM XGBOOST LSTM CNN
FOREST

Figure 7. Comparative study

Conversely, the Random Forest model recorded the best MAE of 6.3 pg/m* and RMSE of 10.2 pg/m?,
which means that it had the worst predictions. The intermediate performances were XGBoost, LSTM,
and CNN models with the MAE values of 5.9 pg/m?, 4.8 ug/m 3, and 5.1 pg/m?, respectively. The values
of RMSE had the same pattern, with CNN-LSTM doing the best and the worst being the Random Forest.

Table 7. Model comparison for HAP prediction

Model MAE (ug/m®) | RMSE (ng/m*)
CNN-LSTM 3.2 5.6
Random Forest 6.3 10.2
XGBoost 5.9 9.7
LSTM 4.8 7.9
CNN 5.1 8.4
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Real-Time Deployment Feasibility

The real-time deployment performance analysis, as described in Table 8, indicated that CNN-LSTM
achieved the lowest average prediction time of 120 ms, followed by CNN at 140 ms, while LSTM
exhibited the highest prediction time of 145 ms. Computational cost in terms of Floating-Point
Operations (FLOPs) was lowest for CNN-LSTM at 2.3 million FLOPs, whereas CNN and LSTM had
computational costs of 2.7 million and 2.8 million FLOPs, respectively. Because of its lower
computational cost, faster prediction time, and lower data transmission latency, CNN-LSTM was found
to be the most effective Model for real-time deployment. CNN-LSTM also had the lowest data
transmission latency at 30 ms, while LSTM had the highest latency at 35 ms, followed by CNN at 40
ms.

Table 8. Real-Time deployment performance

Factor CNN-LSTM | LSTM | CNN
Average Prediction Time (ms) 120 145 140
Computational Cost (FLOPs) 2.3M 2.8M | 2.7M
Data Transmission Latency (ms) 30 35 40

CONCLUSION

This study was able to create and validate a hybrid CNN-LSTM model to forecast Hazardous Air
Pollutants (HAPs) with high precision. The experimental results show that the proposed Model is a better
substitute for the classical designs as it tends to best preserve the spatial correlation as well as temporal
dependence of the urban air quality information. The Model had attained a notably lower error measure,
and this was an error of Mean Absolute Error (MAE) of 3.2 ug/m*and a root mean squared error (RMSE)
of 5.6 ug/m®. The CNN-LSTM architecture in comparative benchmarking is about 45% more predictive
accurate than the Random Forest and the XGBoost. The combination of Principal Component Analysis
(PCA) was critical to real-time implementation, where it was necessary to scale down the input
dimensionality to 95% of the Variance, maintaining a prediction latency of a very small 120 ms with a
very small computational cost of 2.3 million FLOPs. It was established in the study that the pollutants
are most volatile in an urban setup characterized by high industrial and vehicular density. One of the
most important conclusions was the correlation between weather and HAPs: it was found that there is a
positive correlation with humidity and a negative correlation with temperature, meaning that air quality
management strategies need to be season-conscious. In order to expand on these findings, the next wave
of research is to learn how the concept of Deep Reinforcement Learning (DRL) can be integrated to
develop transformable and self-directed pollution mitigation systems. Moreover, the Model may be
enhanced with satellite imagery and long-range weather forecasting data that may help forecast long-
boundary transboundary pollution events. Such innovations will come in handy in the establishment of
strong early-warning systems, which will eventually assist in sustaining urban planning and maintenance
of the people's health.
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