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Abstract
Air pollution is significantly a significant silent warning for human life in this digi-
tized era. This pollution is a horrible threat for public health. Students spend most
of the day at their educational premises, so the air quality of any educational setting
has a wide impact on students’ health, which is a great concern.
This research focuses on building a hybrid model combining machine learning and
deep learning techniques to predict Air Quality Index (AQI) levels more accurately
than existing models. The dataset consists of 1632 data points with key pollu-
tants Carbon Dioxide (CO2), Carbon Monoxide (CO), Total Volatile Organic Com-
pounds (TVOC), Formaldehyde (HCHO), Particulate matter 0.3 (PM0.3), Ultrafine
particulate matter(PM1.0), Fine particulate matter (PM2.5), and Particulate Mat-
ter (PM10.0) collected from 18 different locations on campus over 7 months (Jan-
uary 2025 to July 2025).Multiple machine learning (ML) models, e.g., Random
Forest (RF), eXtreme Gradient Boosting (XGBoost), Categorical Boosting (Cat-
Boost), Light Gradient Boosting Machine (LightGBM), and Support Vector Ma-
chine (SVM), as well as deep learning (DL) models, including Gated Recurrent Unit
(GRU), Long Short-Term Memory (LSTM), and a proposed hybrid model, were
trained and evaluated using standard metrics such as accuracy, precision, recall, F1-
score, confusion matrix, and ROC-AUC curve after appropriate data preprocessing.
Additionally, as a part of explainability integration, SHapley Additive explanations
(SHAP) were observed for the proposed model in this study. The forced Shap plot
for different samples in each of the five classes of AQI classification both correctly
and incorrectly predicted the class to detect the feature contribution behind the
model’s prediction.
Experimental results show that the proposed hybrid model accuracy is highest
among all used machine learning and deep learning models. CatBoost, LightGBM,
and Random Forest are the top three models in machine learning, and SVM is the
highest in deep learning models.
The proposed model air quality classification system effectively combines machine
learning with explainable AI methods to improve experience and build trust in envi-
ronmental monitoring. It shows promising potential for real-time use in educational
settings to increase awareness and enable informed health decisions. However, this
study has few limitations, e.g.an imbalanceded dataset, lack of data in each class,
and model’s limitations, e.g., overfitting risk, lack of tuning, and so on; future efforts
will concentrate on real-world validation and refining the model.
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Chapter 1

Introduction

1.1 Background and Context
Air pollution holds the title of being one of the most critical environmental and
public health problems of the 21st century. Long-term exposure to poor-quality air
has been causing respiratory illness, allergies, fatigue, and multiple health issues
for years. For students, this can lead to reduced concentration, lower academic
performance, and overall a threat to their well-being due to spending hours inside
campus premises with indoor pollutants such as carbon monoxide(CO), particulate
matter(PM) etc.
On most university campuses, there is little awareness about the poor air quality
inside the campus premises such as classrooms, lab rooms, cafeteria or common
rooms. The traditional air quality monitoring systems usually cannot detect local
variations within the campus because most of these are limited to providing general
city level air quality data. This calls for an intelligent and real time air quality
monitoring system that can read real time data from different location inside the
campus and give students an idea of what they are breathing.

1.2 Problem Statement
The usual AQI systems are not designed for personal use or campus based use. They
often show delayed or generalized results not providing the proper explanation of
how certain air quality levels are assigned. As a result, the user is unsure of what
the data means or how to respond to such results. There is also the lack of real
time feedback and explainability in these systems which limits practical use of it,
especially in student oriented environments.

1.3 Objectives
The main goal of this study is to create and design an explainable machine learning
model that can classify air quality levels accurately. The specific objectives to create
and compare different machine learning models for classifying AQI levels based on
real-time sensor data, help users to make better daily activity and health decisions

1



using understandable and transparent insights from the model.

1.4 Contribution
This study has several valuable contributions to drawing inferences for air quality
monitoring and intelligent environmental analysis.

• Creation of a new dataset:

Each of the air quality data used for this research was directly measured in
real-time by the authors from multiple indoor and outdoor locations on Brac
University campus. This self-developed dataset has both temporal and spatial
data variation. This offers a unique foundation for future studies of real-world
air quality analysis.

• Building Hybrid model:

We developed and implemented a hybrid model that not only predicts AQI
values but also estimates and fills in missing values. This is something that
conventional devices cannot do. Standard sensors rely on real time readings
only but our model integrates both deep learning and machine learning to fill
in missing data and ensure consistent AQI prediction.

• Model evaluation:

We compared performance of our hybrid model with various machine learning
and deep learning methods with key metrics such as precision, recall, F1-
score, ROC-AUC curve, and confusion matrix. This comparison highlighted
the outstanding accuracy and stability of our model.

• Explainability and interpretability:

We employed SHapley Additive exPlanations (SHAP) to illustrate the con-
tribution of each pollutant feature to AQI classification. This explainability
feature helped facilitate a better understanding of how the model projected
and confirmed its interpretive accuracy.

1.5 Scope and Limitations
The research focuses on indoor air quality in the BRAC University campus, which is
an urban campus. Data were collected with MT15-Tuya multifunctional air quality
sensors at different indoor and outdoor locations. The main pollutants being moni-
tored are PM2.5, PM10, CO2, CO, TVOC, and HCHO, along with temperature and
humidity.
However, pollutants like O3, SO2, and NO2 were excluded because sensors are un-
able to measure them. The task is also focused on model explainability and training
rather than mass deployment. Therefore, while the system provides valuable in-
sights, its outputs are specific to this dataset and may fail to represent other regions
or environments.

2



1.6 Significance of the Study
The study contributes to building an intelligent campus systems by integrating ma-
chine learning, sensor technology, and explainable AI. The system, through provid-
ing understandable information on air quality levels, enables students, scholars, and
university administrators to make educated health and behavioral decisions. Fur-
thermore, the application of SHAP and LIME provides transparency and account-
ability in predictive models and enables the construction of user trust in AI-based
environmental surveillance. Outside of the academic environment, the system can
become a modular platform for smart air quality systems in schools or in urban
spaces.

1.7 Thesis Organization
This thesis is divided into seven chapters, each depending on the other one to pro-
vide a complete understanding of the analysis, development, and evaluation of an
explainable machine learning system for campus air quality monitoring.

• Chapter 1 – Introduction
This chapter establishes the background of the research, problem statement
and objectives. It also states the successes, limitations, and significance of the
study.

• Chapter 2 – Literature Review
This chapter reviews relevant papers on air quality monitoring standards,
systems, and techniques. It discusses existing AQI models that are used in
different papers with a similar goal, compares different machine learning ap-
proaches used in air quality prediction, highlights AI techniques and identify
the research gaps that motivates this study.

• Chapter 3 – Methodology
This chapter describes the workflow of the system and data collection pro-
cess overall. It introduces the dataset and the features, types of pollutants,
measuring methods, and preprocessing processes. This chapter also describes
the machine learning models, performance metrics, as well as implementation
tools and frameworks.

• Chapter 4 – Results and Analysis
This chapter presents the result of all models used based on different metrics.
It compares classification results of all algorithms and visualizes them with
confusion matrices and performance charts.

• Chapter 5 – Discussion
In this chapter the results explain why certain models performed better and
how feature importance aligns with environmental factors. This chapter also
includes the practical implications of the findings.
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• Chapter 6 – Limitations
Here the limitations faced during the study are discussed. This includes
dataset limitations, model-specific issues and explainability challenges in ma-
chine learning models. It also discusses system-level, ethical, and generaliza-
tion concerns.

• Chapter 7 – Conclusion and Future Work
This chapter gives a summary of the main findings and contributions of the
study. This chapter also adds the performance of the proposed machine learn-
ing and explainability method. It also focuses on the study’s limitations and
directions for the future.

4



Chapter 2

Literature Review

2.1 AQI Systems and Standards
In the paper ‘Air Quality Index (AQI) variations and spatial distribution in Bangladesh
from 2014 to 2019’, data from different Continuous Air Monitoring Stations were
analysed by Majumder et al. to calculate geographical and seasonal pollution trends
[1]. Findings were that Dhaka, Narayanganj, and Gazipur had extremely unhealthy
air quality in winter and pre-monsoon periods, with Sylhet and Barisal compara-
tively better. Authors expressed a strong positive correlation between PM2.5 levels
and AQI with increased levels of pollution during dry months and relatively lesser
levels during the monsoon period due to rain washout effects. The findings support
the intensity of air pollution in cities, indicate the role of industrialization and traffic
emissions in lowering the quality of air, and confirm the use of AQI as a valid tool
for measuring environmental health risks and guiding public health policies.

Majumder et al. (2023) detailed the seasonal and spatial changes in AQI in six
districts of Bangladesh for 2014-2019, and a commendable effort was made in dif-
fusing the AQI dataset, multiple gaps remain in their work [1]. First, the work only
discusses the correlation of AQI and PM2.5, and does not take into consideration
other potential harmful pollutants such as NO2 and O3. Second, the work only
examines and analyzes AQI data with a temporal resolution of a month and in a
seasonal manner. The examination of daily and diurnal patterns in AQI variance are
critical for understanding the exposure in the fine scale. Third, the work, despite
studying six districts, spatially misses large areas of rural and rural-urban fringe
communities, which might possess differing pollutant dynamics. Fourth, beyond
precipitation, other meteorological elements like wind speed and humidity, and the
height of the atmospheric boundary layer, are critical elements in the dispersion of
pollutants and variation of AQI. These elements need to be included in the analysis.
Lastly, the work does not incorporate health outcome data, which weakens its policy
recommendation.
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2.2 Air Quality Monitoring Techniques (Satellite /
Sensor / Hybrid)

In ‘Satellite Monitoring of Air Quality and Health’, it was explored by Holloway et
al. (2021) how remote sensing data like AOD and tropospheric NO2 can serve as re-
liable proxies for pollutant concentrations in regions lacking dense ground networks
[2]. Satellite-based monitoring systems are important for air quality and health re-
search to monitor pollutants over time and over large geographic areas. In areas
where ground-based monitoring stations are absent, satellite-derived aerosol optical
depth (AOD) and tropospheric nitrogen dioxide (NO2) column data serve as proxies
for estimating pollutant concentrations. It has shown how useful satellite data can
be for epidemiological research, particularly focusing on exposure to pollutants in
both rich and poor countries. However, the authors highlight issues of calibration
uncertainty, retrieval and atmospheric correction errors, and other factors, which
can weaken accuracy. Their study rightly concluded that satellite observations are
critical for improving air quality models. Furthermore, they should be prioritized
for global public health advocacy.

The evolution of inexpensive air quality sensors in Atmosphere was reviewed by
Tariq, Touati, Crescini, and Manouer (2024), focusing on calibration techniques,
trade-offs on accuracy, and the scalable monitoring deployment models [3]. The re-
view mainly highlights the significance of inexpensive air quality sensors in expand-
ing monitoring capabilities, despite some limitations in comparison to reference-
grade stations. These sensors can be categorized according to the type of pollutant,
the technique of calibration, and the deployment strategy of the network. Although
affordability makes low-cost sensors appealing for widespread deployment, compet-
ing influences such as temperature, humidity, and long-term drift will generate bi-
ases. Correction algorithms and calibration frameworks can be used to improve the
reliability of the sensors prior to their integration into the national air monitoring
networks. The authors of this paper pointed out that, with the calibration and
assimilation methods, air quality monitoring will be achievable in low-income coun-
tries using inexpensive, or low-cost sensors.

Malings et al. (2024) illustrated a data-fusion approach that integrates models,
satellites, and ground monitors to better estimate and forecast air quality [4]. Data
fusion studies indicate that combining models, satellites, and ground-based monitors
improves air quality estimates and forecasts. The authors employed sophisticated
data assimilation methods to combine satellite data with ground sensor data and
then fed this, along with atmospheric simulations, to the assimilation model. This
varied the estimate of the pollutant concentration that the model tracked across
space and time. The study noted that machine learning algorithms perform better
on fused datasets than on siloed ones. In addition, the paper noted that hybrid sys-
tems improve short-term forecasts and strengthen policy. The authors argued that
fusion-based observations are the most effective route for comprehensive frameworks
for estimating air quality indices.

Zhang et al. (2025) assessed the potential of geostationary satellite observations
to improve near-real-time air quality forecasting [5]. Their transformative capabil-
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ities for forecasting air quality were emphasized by research detailing the use of
geostationary satellites. Unlike polar-orbiting satellites that provide infrequent and
temporary snapshots of earth, geostationary satellites offer continuous monitoring
of a specific area and can track ozone, sulfur dioxide and aerosol pollutants in near
real-time. This work demonstrated the value of geostationary satellites in improv-
ing time coverage and developing advanced warning systems for high-pollution days.
The inclusion of these data in atmospheric modeling tended to improve the accu-
racy of the forecasting by integrating with ground stations. However, the authors
mentioned the need for further development to address problems of cloud cover,
retrievals, and other inaccuracies. They also believed geostationary satellites would
be fundamental to the future air quality monitoring systems.

Semlali et al. (2021) proposed SAT-CEP-monitor, a CEP-enabled architecture in-
tegrating satellite streams with event processing for AQ monitoring [6]. The SAT-
CEP-monitor framework offered a new combination of a hybrid monitoring paradigm
that merges complex event processing (CEP) with satellite remote sensing for the
purpose of real-time air quality monitoring. The system uses multi-source data
streams, which basically include IoT-enabled sensors and the satellite systems for
automating pollution events, processing, and monitoring in real time. Studies have
shown that this architecture improves scalability and helps to respond quickly to
pollution sources. The stated goals are supported by the city ecosystem and real-
time functioning. The integration of CEP and remote sensing provides the system
with initial formation of pollution hotspots and automated environmental manage-
ment.

Vajs, Drajic, and Cica (2023) studied ML-driven calibration propagation to im-
prove low-cost sensor reliability within hybrid networks [7]. The literature describes
more robust data-driven calibration approaches for hybrid air quality monitoring
networks as an emergent strategy for improving the reliability of low-cost sensors.
The authors of this work described the use of machine learning to automate real-
time adjustments of reference-grade monitors to be used with distributed sensor
networks, thereby considerably reducing the need for frequent re-calibrations, all
the while maintaining the spatial reliability of the distributed sensor networks. The
described machine learning approach shows innovation and flexibility in adapting
to varying conditions of the environment. The calibration campaign offers a cost-
effective scalable foundation of dependable monitoring that the authors claim will
support broad use in urban and regional settings.

Ajnoti, Gehlot, and Tripathi (2024) developed optimization methods for hybrid
instrument networks to maximize coverage and representativeness at minimum cost
[8]. Reports have been made on the examination of the optimization strategies of
hybrid instrument networks on the air quality monitoring systems focusing on the
combination of ground stations, satellites, and atmospheric frameworks. This effort
aims for economically sustainable supervision, optimizing the sensor’s supervision
by improving coverage and representativeness and decreasing overlapping and cost.
This study showed that hybrid optimized networks exceeded the performance of
randomly assigned networks on forecasting and precision. The comprehensive study
on the topographic, meteorological, and emission source framework and other com-
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binations bolstered robust monitoring. They illustrated that hybrid optimization
method is effective for network development and maintaining monitoring sustain-
ably. This is feeding predictive models that shape policy for policy direction.

There have been advances in satellite remote sensing, low-cost sensors, and hy-
brid fusion architectures, but there are still significant gaps. Satellite products have
wide spatial coverage but have vertical-column versus surface mismatches, retrieval
uncertainties, and temporal gaps which negatively affect local exposure estimates
[2]. In addition, low-cost sensors require calibration, drift correction, and quality
control pipelines, which are costly and time-consuming, all to obtain reference-grade
accuracy [3][7]. Data fusion techniques improve spatial completeness but there are
methodological challenges. For example, satellites, models, and ground monitors
capture data across different spatial and temporal resolutions, uncertainty is not
propagated to fused outputs, and fusion techniques do not generalize to different
regions with alternative emission and meteorological conditions [4][5]. Event stream
processing or complex event processing (e.g., SAT-CEP) combined with satellite
streams has been proposed but there are latency, robustness, and scalability chal-
lenges for city-scale deployments [6]. Moreover, optimization of spatial networks has
been designed but issues remain with optimal fixed sensor location within budget
limits and the need for dynamic reconfiguration at runtime due to shifting urban
activity, sensor health, and possibly control [8]. These gaps underscore the demand
for standardized methods concerning calibration and transfer, uncertainty-aware fu-
sion algorithms, and long-term field studies focused on validating hybrid systems
across varying landscapes.

2.3 Machine Learning and Deep Learning in AQI
Prediction

Liu, Cui, and Liu (2024) assessed the performance of classical machine learning
(ML) classifiers compared to ensembles regarding AQI class prediction using a com-
bination of pollutant and meteorological features [9]. Numerous studies have imple-
mented diverse machine learning (ML) techniques to forecast air quality classifica-
tions based on AQI tiers, in conjunction with meteorological and pollutant data, and
subsequently assessed the predictive performance of those techniques. The machine
learning techniques examined included support vector machine, random forest, and
gradient boosting, which were compared to more advanced predictive deep learning
techniques. In terms of the best results of accuracy, precision, and recall came from
ensemble methods and especially random forests. Their research further strength-
ened the predictive value of the algorithms. The models effectively used time-series
data of pollutants (PM2.5, PM10, O3, and NO2) and captured temporal trends that
closely matched ground data. Research has shown that machine learning approaches
could be effectively utilized for discrete classification of AQI categories, and ensem-
ble learning has been suggested as a strong baseline model for AQI classification
systems in the future.
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Saleh, Abohamama, and Tolba (2025) designed an intelligent real-time AQI classi-
fication system for smart-home digital twins using IoT sensors and ML [10]. These
systems use IoT-embedded AQI sensors and machine learning classifiers to provide
real-time air quality class awareness both indoors and outdoors. This study empha-
sizes the importance of locally operated lightweight systems that provide real-time
notifications to residents. The system achieved AQI classification with a high de-
gree of computational efficiency, making it a viable candidate for embedded system
implementation. This study demonstrates that IoT real-time AQI classification im-
proves user awareness and proactive environmental control at the household level.

Mehmood, Rehman, and Choi (2025) introduced Vision-AQ, a multi-modal DL
framework combining imagery and sensor data for localized AQI classification [11].
Vision-AQ is a multi-modal deep learning framework that classifies localized air
quality indices in smart city environments. It merges image-based pollution indica-
tors and traditional sensor data, utilizes convolutional neural networks, and imple-
ments attention mechanism techniques to model spatial and temporal dependencies.
This outlines how interpretability of Vision-AQ by using various visualization tools
showed how various techniques used impacted the decision made during classifica-
tion. Moreover, the model showed considerable improvements in functionality and
efficiency than classical models. The authors fully implemented the integration of
visual and numerical data for the tracking and classification of urban AQI in Vision-
AQ.

AirNet is an Air Quality ML forecasting system, developed by Rahman et al. (2024)
with a Django web interface that seeks to offer real-time alerts across a wide geo-
graphical area [12]. The work integrates a substantially large dataset (public data
covering thousands of cities) and multiple classifiers, such as Random Forest (RF),
Decision Tree, SVM, Logistic Regression, KNN, Linear SVC, and Naïve Bayes, fol-
lowing thorough data preprocessing (missing value treatment, label encoding, fea-
ture correlation, and analysis). The Authors state that tree-based methods (Ran-
dom Forest and Decision Tree) yielded the best predictive results, thus powering
the web dashboard for real-time AQ classification and alerting. AirNet is focused
on user-friendliness by exposing the outputs from the classifiers and targeting two
main objectives: (i) high short-term classification accuracy for AQ categories and
(ii) operational readiness for public health alerts. The Authors provide the inconve-
nience of dependency on public data quality, regional Ara biases, and on-site sensor
calibration and suggest further research on the generalizability of the models to
under-sampled regions.

In ‘SMOTEDNN: A Novel Model for Air Pollution Forecasting and AQI Classi-
fication’, Haq (2021) addressed the problem of class imbalance by implementing
a synthetic oversampling method integrated with deep neural network frameworks
[13]. Through the utilization of the synthetic data grown by SMOTE, the authors
were able to ‘grow’ the smaller AQI categories for classification purposes on a deep
neural network. The evaluation metrics indicated a profound improvement on the
performance of the recall and F1 scores on the minority classes. Most of the ad-
vances were in the higher-risk categories of pollution. This study revealed significant
improvements in the overall classification accuracy and lack of deep learning and
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oversampling techniques on AQI datasets.

Kutala et al. (2024) in ‘Hybrid Deep Learning-Based Air Pollution Prediction and
Index Classification Using an Optimization Algorithm’ presented a CNN-enhanced
model optimized through evolutionary search for faster, more precise AQI catego-
rization [14]. This approach aims to achieve a balance of model performance with
feature extraction as suggested by the use of evolutionary optimization in hyperpa-
rameter tuning. It was noticed that the hybrid framework based on CNN signifi-
cantly surpasses the predictive power of conventional designs in classifying AQI and
was designed with more advanced means of optimization to achieve a reduction in
training duration and resource utilization.

Jalali et al. (2025) employed a hybrid method in ‘Scalable AI-driven Air Quality
Forecasting and Classification for Public Health Applications’. Ensemble methods
like, Random Forest (RF) and XGBoost and deep learning techniques, as an exam-
ple, LSTM, CNN, and TSMixer were combined for socioeconomic and geographically
contextualized classification and regression modeling of Air Quality (AQ) values [15].
This work sets a new standard for integrated machine learning and public health
applications within economically resource-limited settings. Using a novel data aug-
mentation approach, the study clusters and associates cities with comparable pol-
lution characteristics. The author combines SHAP with LIME to explain model
predictions, and provides a Django app as real-time access to the model. Random
Forest, for classification, achieved an astonishing 99.96% accuracy (slightly better
than XGBoost), while TSMixer was remarkable in regression with R2 at 0.9861 and
MSE at 0.0278. The emphasis is placed by the authors on the fact that explain-
ability and operational readiness were central to their design: it is confirmed by
SHAP analyses that NO2 and PM10 consistently ranked among key drivers, and fast
inference (≈ 0.0289 s for ensembles) was prioritized by the deployment architecture.
While deep models like CNN/LSTM demonstrate strong predictive capabilities, the
paper notes that their high computational cost – up to about 1.25 seconds per pre-
diction – can limit real-time performance in constrained environments.

‘Air Quality Index Classification for Imbalanced Data Using Machine Learning Ap-
proach’ by Jayadi, Lauro, Rusdi, and Handhayani (2024) demonstrated effective
rebalancing of skewed AQI datasets in Indonesia using ensemble and resampling
methods [16]. Hidayat and coworkers investigated AQI classification in Indone-
sia, whose study primarily concerned the use of machine learning on imbalanced
datasets. They assessed the comparative performance of classifying AQI with SVM,
Random Forest, and deep learning models while employing data resampling to bal-
ance the training datasets. Here, the authors observed a thing. Despite the extreme
class imbalance, machine learning, particularly Random Forest as a baseline, was
capable of reliable AQI classification. The importance of data preprocessing in
developing countries was pointed out by the authors, as AQI datasets are often un-
balanced and incomplete.

Rezk et al. (2024) proposed SFS-driven feature selection combined with ML algo-
rithms to produce sustainable, efficient AQ detection systems [17]. A robust model
for air quality detection using sequential forward selection (SFS) for feature selec-
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tion and various machine learning methods for classification. The model achieved
significant classification performance while maintaining low data dimensionality by
modestly detecting features such as PM2.5, temperature, and wind speed. The
results revealed that the implementation of SFS before classification contributed
positively to the interpretability and efficiency of the models, with Random Forest
and Gradient Boosting exhibiting the most prominent results. The study pointed
out the significance of feature engineering in the development of sustainable and
resource-efficient systems for predicting the AQI.

Zhang, Zhai, Kong, and Zhang (2025) combined stacking ensembles with SHAP
analyses to both improve AQI classification and explain feature impacts [18]. To
advance the AQI classification, integrated stacking ensemble learning, and SHAP-
based explainability. In an effort to optimize accuracy within a stacking architecture,
the framework integrated several classifiers, including gradient boosting and deep
neural networks. The authors were able to justify model predictions at both global
and local levels through SHAP analysis, illustrating the impact of various weather
and pollutant variables on AQI levels. The findings indicated that interpretabil-
ity is a feature that can be integrated within high-performance ensemble classifiers
without significantly losing accuracy. This can create a valuable linkage between
prediction and transparency.

Kalantari et al. (2025) compared shallow and deep learning methods for AQI fore-
casting, clarifying trade-offs between complexity and data requirements [19]. They
investigated the relative strengths of shallow learning compared to deep learning for
AQI forecasting and classification, and performed a comprehensive range of model
evaluations starting from logistic regression, decision trees to CNN, and recurrent
neural networks (RNNs). He noted that although shallow learning models are faster
to train and less resource-consuming, deep learning models unequivocally surpass
shallow models, particularly in the learning of spatio-temporal dependencies as well
as the nonlinear dynamics of pollutants. Importantly, the authors emphasize that
context is important when considering which models to use. Shallow models are fast
and resource-efficient, whereas researchers require deep learning for high-accuracy
urban deployments, which is the primary goal of large-scale AQI research. It un-
derstands the trade-off between computational resources and achieving predictive
performance in AQI research, and that’s why it is a valuable contribution.

Maciejewska, Azizah, and Szczurek (2024) in ‘IAQ Prediction in Apartments Using
Machine Learning Techniques and Sensor Data’ constructed a framework designed
to predict indoor air quality using readings from multiple sensors located in data-
equipped residential settings [20]. Using algorithms like Random Forest, Gradient
Boosting, and Support Vector Machine, the authors predicted the concentrations of
several pollutants: CO2, VOC, and PM2.5. The findings showed that ensemble-based
models surpassed baseline classifiers in accuracy and offered interpretable feature
importance for real-time applications with the Random Forest model. The authors
noted the potential for incorporating machine learning-based indoor air quality pre-
diction features into an automated smart home system and an automated public
health alert system.
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Verma and Kumar (2022) in ‘Machine Learning-Based Time-Series Models for Ef-
fective CO2 Emission Prediction in India’ extended time-series learning methods
applicable to broader AQ forecasting and environmental management domains [21].
The seasonal and trend-based emission variation was captured using shallow learn-
ing approaches like ARIMA and SVR alongside ensemble techniques in an attempt
to forecast. The research found that machine learning techniques were much more
accurate in forecasting emissions, unlike the traditional statistical methods, espe-
cially when applied with multiple variables like energy consumption, traffic flow, and
meteorological variables. Integration of the predictive models into wider systems of
air quality management along with predictive model integration into systems of air
quality management will aid in the advancement of environmental management as
well as the air quality regulatory frameworks within the study area. Highlighting
the model selection process, worksheet engineering, and hyperparameter optimiza-
tion reveals the authors’ dedication to crafting practical and sufficient frameworks.
These can be embraced by researchers and practitioners in the fields of sustainable
computational and environmental monitoring.

In the broader methodological literature on hybrid deep learning and optimization
as well as CO2 time-series work, constructive modeling building blocks are provided,
but questions of generalizability, reproducibility, and alignment with the target do-
main remain. While hybrid deep learning and optimization pipelines deliver strong
predictive performance, they are often clouded by excessive sensitivity to hyper-
parameter tuning, the lack of open, versioned code and datasets, and thus, repro-
ducibility and comparative studies across the literature [20]. The time-series models
designed for CO2 or emissions control provide transferable techniques. However,
pollutant dynamics, such as multi-pollutant coupling, episodic events, and other
dynamics create statistical challenges requiring more specialized and often incon-
sistently used architectures, assessment frameworks, and metrics [21]. Lastly, there
is a systemic need for establishing community standards (e.g., benchmarks, pre-
processing recipes, unified metrics for misbalanced AQ classification) and there is
a systemic need for additional public datasets containing metadata (e.g., type of
sensors, calibration history) so that models trained by one group can be adequately
assessed and implemented by others. From a methodological standpoint, addressing
these issues will foster the advancement of AQ ML systems that are dependable,
comparable, and ready for real-world application.

Class imbalance concerning the ‘good’ AQ categories leads to lower detection rates
of the minority class (hazardous levels). Oversampling techniques and weighted
losses can help but can also cause the methods to be overfit or create unstable deci-
sion boundaries [13][16]. While many studies examine multiple learners (SVM, RF,
XGBoost, LightGBM, CNN/LSTM ensembles) using local datasets, there is a lack
of standardized and multi-city benchmarks, and the uneven approach to preprocess-
ing (imputation, feature engineering, lag selection) leads to unreliable cross-paper
comparisons [9][17][19]. These deep multimodal approaches (e.g., Vision-AQ) en-
hance spatial discrimination but also increase model complexity and inference costs,
hindering on-edge or real-time deployment [10][11][12][14][15]. Most classification
studies lack explainability and uncertainty, making it hard for stakeholders to trust
or act on the AQ automated category alerts [18]. The issues of transferability (when
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models trained in one city do not work in another) and a lack of longitudinal as-
sessments mean that many classification studies do not sufficiently demonstrate the
non-impact of seasonality, concept drift, and sensor aging. These issues underscore
the need for unified benchmarks, rigorous imbalance-aware validation, lightweight
deployable explainable classifiers, and systematic studies on transferability.

2.4 Explainable AI (XAI) Techniques – SHAP for
AQI and Pollutants

A hybrid random forest–ARIMA forecasting model with SHAP-based interpretation
for AQI drivers was presented by Yenkikar, Mishra, Bali, and Ara (2025) [22]. The
researchers aimed to improve ARIMA’s weaknesses by combining it with tree-based
machine learning techniques. SHAP was used to determine the contributions of
individual pollutants and meteorological parameters like PM2.5, PM10, and others
on the classification of the AQI. Compared to ARIMA and Random Forest on their
own, the ARIMA–Random Forest hybrid model was particularly accurate in short-
term forecasts of AQI. SHAP uncovered that PM2.5 was the dominant predictor and
most influential of all pollutants in every time period, and that temperature and
wind speed influenced AQI differently in different seasons. The model’s qualita-
tive predictions of smogs in winter and washes of pollutants in the monsoon season
demonstrated SHAP’s explanation of the model and the environmental phenomenon.
The balance of predictive power and transparency of this work is the most valuable
aspect, providing forecasting to environmental policymakers with confidence that
they understand the causal factors.

XGBoost with SHAP was leveraged by Andenna, and Gagliardi (2024) in ‘Insights
into Air Quality Index Variability with Explainable Machine Learning Techniques’
to map pollutant dependencies and to assess feature relevance across various cities
[23]. Using explainable machine learning to study AQI variability in different urban
areas, the framework used XGBoost for classification and used SHAP to measure
the impact of the features. Considering urban form predictors, the analysis of socio-
economic variables provided a nuanced understanding of the factors influencing the
AQI. The analysis revealed that PM2.5 and NO2 continued to dominate the impor-
tant features in most areas. However, SHAP exhibited certain contextual variations;
for example, in megacities, traffic density was a major contributor, and in peri-urban
areas, agricultural emissions were the most important. Contextual analysis through
SHAP within a multi-city comparative framework offers a better understanding of
the variation in AQI. The significance of this contribution lies in establishing policy
context explainability and informing actionable policy from targeted vs. one policy
fits all. The limitations address the data availability for the cities and the incon-
sistencies that may come with it. Nevertheless, the value of this research lies in
establishing a precedent for multi-dimensional AQI analysis using SHAP.

Iffadah, Trimono, and Prasetya (2024) applied SHAP to interpret XGBoost predic-
tions of Jakarta’s air quality, highlighting dominant pollutant drivers and seasonal
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effects [24]. Here it is used to explain the XGBoost-based air quality prediction
models in Jakarta and gain an understanding of the interaction of pollutants in
densely populated areas. While the classifier did its job of categorizing AQI levels,
the SHAP approach was crucial for understanding the model, as it explained the
level of attribution in the various features. It was able to identify PM2.5 and CO
as the key contributors of days with a poor AQI and showed how meteorological
elements like rainfall helped to restore deteriorated air quality. The seasonal effects,
as SHAP explained were demonstrable, specifically the atmospheric pollutants in-
creases during the dry months when the atmosphere is less cleansed and stagnant.
This kind of local interpretability is indispensable for decision-makers who are look-
ing for tailored, region-specific insights. The authors further explained that the lack
of explainability offers no trust in AI systems for AQI management, particularly in
situations where public access to management is life changing. This study enhances
the literature by localizing SHAP interpretations.

‘Machine Learning-Driven Framework for Realtime Air Quality Assessment and
Predictive Environmental Health Risk Mapping’ was presented by Rajesh, Babu,
Moorthy, and Easwaramoorthy (2025), incorporating real-time AQ prediction along
with SHAP explainability that is linked to public health indicators [25]. Their model
combined ensemble methods such as XGBoost and Random Forest with health risk
indices, producing not only AQI classification but also mapping of exposure risks
for vulnerable populations. SHAP analysis has specified the most salient pollutants
concerning health effects, with PM2.5 and ozone repeatedly cited as the most impor-
tant drivers of respiratory illness risk. A novel contribution of this study is linking
the importance of pollutants as determined through SHAP with epidemiological
outcomes, thus integrating environmental informatics and public health. Real-time
mapping further showcased the framework’s utility for rapid urban response. Al-
though operational compute power was identified as a constraint for wide-ranging
applications, the approach demonstrates the use of interpretability tools, in this in-
stance SHAP, for purposes beyond mere classification to health-oriented actionable
frameworks.

Das, and Gupta (2025) developed an AQI prediction model that uses SHAP to
explain local and global feature contributions in classification outputs [26]. For AQI
classification, the framework used ensemble learners, while SHAP was applied to
ascertain the contribution of features at the global and local levels. Unlike previous
work focusing disproportionately on pollutants, this study broadened the feature set
to include meteorological variables, such as humidity, solar radiation, and wind di-
rection, for a richer interpretability framework. SHAP results showcased why PM2.5

occupied the highest rank in global feature importance. On the other hand, lo-
calized forecasts were more dependent on the input variables, which typically were
the localized weather variables. This signifies the interdependence of weather and
localized pollution. Basically, this illustrates the importance of regional policies, in
the context of the demonstrated SHAP explanation of context drivers of AQI. Fur-
thermore, case studies were utilized by the model in which the recorded instances
of smog converged with the SHAP explanations, affirming the applicability of the
model in real life. While the high-quality input data limitation is real, the value
of the work is in the interpretability SHAP provided, which is a first step toward
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operationalizing interpretability in AQI monitoring systems.

Chandrashekar et al. (2025) integrated physical modeling and deep learning in
‘A Hybrid Physics-Informed Neural and Explainable AI Approach for Scalable and
Interpretable AQI Predictions’, enhancing scientific interpretability alongside predic-
tive accuracy [27]. This innovation introduced the theory of the atmosphere within
the deep learning paradigm and, therefore, decreased the data-driven reliance and
overfitting risk. The SHAP method was used in predicting feature importance, thus
elaborating on the interface of domain knowledge and machine learning. The hy-
brid model provided the authors with more accurate results for predicting extreme
AQI events and overall outperformed traditional Deep Neural Networks. Signifi-
cantly, SHAP explanations were consistent with physical models, illustrating how
inversion layers and wind stagnation were vital to worsening pollution. The consis-
tency between physics-informed modeling and SHAP-based interpretability fosters
trust towards AI predictors from domain experts. The integration of physics and
AI model SHAP’s validation to hybrid models as the central focus of the paper’s
contribution.

Wu, Chen, Li, Wang, and colleagues (2024) in ‘A Novel Framework for High Res-
olution Air Quality Index Prediction with Interpretable Artificial Intelligence and
Uncertainties Estimation’ developed an explainable AQI deep learning predictive
model [28]. High-resolution spatial, meteorological, and emission factor data are
combined by this model, and SHAP values are applied to assess variable impacts
across places. The ability to separate predictive confidence from data-related noise
helps to increase the confidence of the estimates. Therefore, the reliability for opera-
tional contexts is strengthened. This study shows how mixing uncertainty estimation
with interpretability contributes to increasing policy confidence and applicability to-
wards AI-driven predictions of air quality.

SHAP and other XAI techniques have become mainstream for de-blackboxing AQ
models, but there are still numerous methodological and practical issues. First, in
operational systems, real-time explanation is often infeasible because SHAP expla-
nations for large ensembles and deep networks become computationally expensive
[22][23]. Second, post-hoc local attributions are provided by SHAP but may be
unstable under correlated features or distributional shift; this complicates the in-
terpretation of variable importance for policy decisions by practitioners [24][27].
Finally, the integration of uncertainty quantification in explanations (i.e., to what
extent a user can trust a SHAP attribution if the model is likely wrong) is still
largely unexplored, even though several studies apply SHAP to individual instances
or features. Although a couple of studies aim at merging SHAP with uncertainty
quantification, the field still lacks standardized approaches [25][27][28]. Fourth, the
limited evaluations that look into the impact of SHAP value outputs on decisions
made by domain experts or on alert explanations made to the public are addressed
in the literature. This literature points towards the need for more rapid and stable
XAI integrations to be utilized for streaming AQ systems, protocols that explain
and incorporate uncertainty as well as user studies to ascertain the relevance and
integration of the explanations into public health and policy workflows.
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2.5 Smart Campus / Student-Centered Solutions
Ramirez et al. (2023) reviewed campus AQ monitoring systems and impacts, docu-
menting sensor mix, network design, and campus health impacts [29]. These systems
acquire and considerably help in the determination of the health policies, and help
with the education of the student population and the staff. They assist in the deter-
mination of the spatial and temporal distributions of pollutants, PM2.5, NO2, and
O3. Provided sensor deployment frameworks to capture the spatial and temporal
dynamics of pollution, sensor drift, maintenance, and weather for the calibration,
processing, and validation of active readings. The review documented the quality
of interdisciplinary research that students gain from being active participants in
the air quality studies on campus, enabling learning and teaching in environmental
monitoring, data science, public health, and interdisciplinary research. The value
of synergizing the adaptive management of air quality monitoring systems and the
campus-wide sustainability interventions was also demonstrated, such as changing
the levels of pollutants to control the movement of vehicles, greening areas, and
running specific awareness campaigns. This study then underscored the monitoring
of air quality in a university environment for research and teaching purposes.

Kozłowski et al. (2025) detailed ‘Autonomous System for Air Quality Monitoring
on the Campus of the University of Ruse: Implementation and Statistical Analysis’,
that effectively deploys multi-sensor networks for real-time alerting and continu-
ous data collection [30]. The system provides real-time analysis and reports on
the pollutants PM2.5, PM10, CO, NO2, and other meteorological parameters, such
as temperature and humidity. Sensors organized the collected pollutant data in a
real-time cloud-based system with visualization, automated alerts, and time series
analysis for various predetermined parameters. The focus of the authors addresses
the autonomy of the system. Machine learning algorithms helped to fix the drift of
the sensors and to increase the accuracy of predictions concerning the concentration
of pollutants. Microclimate investigations showed the extent of localized pollution
hotspots and were the basis for mitigation action. The system’s combination of
intensive monitoring aided by the automated analytics permitted the formulation
of policy recommendations based on the system’s real-time environmental man-
agement dashboards. The potential for autonomous monitoring frameworks to be
rapidly adopted across smart campus projects was described in the research, and the
implications of this for student well-being, administrative actions, and the planners
of eco-friendly campus facilities are considerable.

Yadav et al. (2020) demonstrated deep transfer learning with satellite imagery for
urban AQ estimation, showing transferability across cities [31]. Estimation of air
quality on campuses utilizing methods described in the literature for urban settings
and adapting satellite imagery stems from deep transfer learning conducted. The
application of Convolutional Neural Networks and Transfer Learning with satellite
images to calculate Aerosol Optical Depth and neural network pollutant concentra-
tion noted the integration of satellite images, which provided continuous coverage,
with ground-based, handy, and sparse monitoring systems. Data fusion techniques,
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which predicted the AQI for PM2.5 and NO2 and used meteorological and topograph-
ical variables for precise estimations described. While the air quality study had a
primary focus on city-scale air quality assessments, the method used is still viable for
air quality assessments on university campuses, where satellite data could augment
the sensor networks for comprehensive assessments. The study demonstrates the
importance of predictive analytics, which allows pre-warnings and action plans to
be developed to reduce students’ exposure to high pollutant concentrations, show-
ing the potential of such analytics in a campus context. The researchers mainly
highlighted the importance of combining deep learning (DL) and remote-sensing
techniques to improve the consistency and fine-scale measurement of air quality in
the low-resource university campuses.

Yang, Hu, Bian, and Song (2019) introduced ImgSensingNet, a UAV vision-guided
aerial–ground sensing system to enhance spatial AQ observations [32]. The system
used UAVs with multispectral cameras and low-cost sensors for the dynamic mea-
surement of PM2.5, PM10, and other gaseous pollutants, as well as for air quality
assessments in campus-like environments. Data from UAVs and terrestrial sensors
were integrated to create a multi-dimensional spatial profile of air pollution, and the
UAVs were also used to fill data collection gaps of terrestrial sensors. The system
design, integration of datasets, and airborne data acquisition to enable the closure
of gaps in continuous monitoring and acquisition streams were detailed in the paper.
The authors showcased the vital role of aerial data in addressing gaps in monitoring
coverage caused by sensor networks. The integration of UAVs with predictive ana-
lytics unveiled dynamic shifts in the pollutants and the impacted microclimate. The
research provided some practical applications to environmental management, such
as emission hotspot identification and appropriate mitigation for student-centered
spaces. The opportunity to integrate UAV sensing with school curricula, where stu-
dents would collect, analyze, and interpret air quality data, was also noted by the
authors.

ML techniques were applied to PM2.5 forecasting on a university campus by Panaite
et al. (2024), with improved local forecasting for student health being demonstrated
[33]. Machine learning techniques were utilized for forecasting the levels of PM2.5
based on historical data for air quality prediction and improvement on the Petros,ani
University campus. Random forest trees were created, then gradient boosting meth-
ods were developed, and also the support vector regression (SVR) models were built
based on prior data that included weather, emissions, campus activities, and pollu-
tants. Predictive data dashboards were created for real-time decision-making and
recommendations about outdoor traffic and activities. The importance of tuning
the models and selecting the right features is illustrated with local emissions trends
and campus microclimates in mind. Results from this research advocate the imple-
mentation of data-driven strategies in support of campus activity policies, enhancing
sustainability while providing a higher margin of health safety for students and staff.
Predicting accuracy was higher in the research models as opposed to predictive ac-
curacy compared to older methods which relied on pure statistics.

Godasiaei, Ejohwomu, Zhong, and Booker (2025) authored ‘Integrating Experimen-
tal Analysis and Machine Learning for Enhancing Energy Efficiency and Indoor Air
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Quality in Educational Buildings’, effectively linking building design and predictive
analytics to optimize health outcomes [34]. This study integrated concept-driven
adaptive control with the optimization of HVAC systems, coupled automated control
of the systems and robust measures to control the indoor pollutant concentrations.
Core machine learning models on occupancy and environmental data with respect
to PM2.5, CO2, and VOC predicted energy-efficient operation strategies within the
control measures scheduled during the periods of pollutants concentration control.
The authors documented the benefits of adaptive intelligent energy monitoring that
balanced dynamic changes in building use and occupancy, and argued the energy op-
timization control system could function in a managed energy adaptive mode. The
study also documented the added value of environmental education as the students
developed systems for analysis and evaluation. The research described at the con-
ference demonstrated that the real-time monitoring and control of dynamic energy
systems on the campus combined with machine learning provides a powerful, albeit
untapped, instrument for managing the quality of indoor environments.

A modular IoT sensing platform for air quality monitoring and data fusion using hy-
brid learning was developed by Sridhar et al. (2022), incorporating low-cost sensors
and machine learning (ML) to detect PM2.5, CO2, VOCs, and other pollutants [35].
The design of the modular IoT platform provides the ability to scale and customize
campus deployments to independently monitor specific buildings and outdoor areas.
Predictive performance has been improved through a hybrid learning approach by
integrating historical data and real-time information. This study basically focused
on the importance of actionable insights, thus providing stakeholders that included
campus admins and students, with dashboards and automated alerts. Integrating
sensor technology with analytical intelligence has expanded environmental man-
agement capabilities and has helped the system support health and sustainability
efforts. The system’s monitoring and learning capabilities serve dual purposes. The
authors highlighted the educational value of the system when having students per-
form calibration of sensors, interpret data, and participate in collaborative activities
of consequential decision-making.

Health awareness, as seen in student-centered AQ deployments, also points to posi-
tive practical implications. However, these studies are also limited in the evaluation
of the health impacts and the scaling of the studies. Most campus studies tend to
focus on sensor deployments and local machine learning forecasting for PM2.5 or
indoor IAQ in isolation of more extensive student health behavior or outcome stud-
ies that would shift or demonstrate changes in student health behavior or public
health alert systems [29][34]. System design also tends to neglect user privacy and
data governance, especially pertinent when personal or indoor sensors are deployed
to a population of students [29][35]. Integration of indoor and outdoor AQ mod-
els, model adaptations for building-level ventilation, the design of low-complexity
classifiers to be run on edge devices while meeting the accuracy needs of the clas-
sifier and other such elements are also substantial technical gaps that need to be
addressed [30][35][34]. Additionally, existing campus pilots tend to be single-site
and short-term. There is a lack of multi-campus comparative studies and controlled
evaluations, such as randomized information interventions. To address these re-
quirements, we need longitudinal, multi-site deployments covering measurements

18



of the technical and human dimensions along with purpose-built privacy controls,
lightweight explainable algorithms designed for edge and dashboard delivery, and
explainable models tailored to edge and dashboard delivery.
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Chapter 3

Methodology

3.1 System Overview

Figure 3.1: System Overview.

The root of this study is collecting data from university campus. As a consequence,
started collecting data from selective places on the campus at specific times and
enlarging the dataset.
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This study also has Exploratory Data Analysis (EDA) for clear statistical under-
standing of AQI with the pollutants as well as location-wise, month-wise, and other
analysis with proper visualization.
After preparing the dataset, it needs to be processed for the main branch of research
work. As part of preprocessing, the dataset needed to clean, selected pollutants as
features, and took other necessary steps for further work.
Moreover, after finishing those necessary steps, trained classification machine learn-
ing and deep learning models on the dataset and also test for the target variable,
AQI classification level prediction. Additionally, in this study, a new hybrid model
was build with a combination of machine learning and deep learning.
However, as an evaluation of trained and tested models, classification report was
used for each class’s accuracy, precision, and recall values as well as 5-fold k-cross
validation. In addition, this study uses a multi-class confusion matrix and ROC-
AUC curve as a part of the evaluation.
Furthermore, for better understanding of pollutant feature patterns and contribu-
tions for hybrid model predictions, we observe SHapley Additive explanations force
plots as a part of explainability.

3.2 Dataset and Features
Device Description:
As an innovative monitoring device with integrated measurement modules, the
MT15-Tuya multifunctional air quality monitor has the specialized ability to sense
volatile organic compounds. Without the assistance of an external phone, applica-
tion, or even the Internet, the device in real time detects gas and particulate matter
from the ambient air and detects pollutants as the device turns on.
The MT15 device functions as a multitasker, as it can monitor and visualize the total
amount of Air Quality Index (AQI), volatile organic compounds (VOCs), formalde-
hyde (HCHO), particulate matter (PM), namely PM0.3, PM1, PM2.5, and PM10,
the total carbon, and the CO2 in the air in addition to the total carbon monoxide
(CO). Moreover, it also measures environmental conditions like humidity and tem-
perature. The device has additional timers and alarm functions to aid its usability
and its LCD to visualize and monitor real-time time, alerts, and system readings.
Because of the integrated approach, the device’s effective multifunctional real-time
monitoring systems make the MT15 perfect for an indoor as well as semi-indoor
research environment.

3.2.1 Data Collection Procedure and Protocols

To study this, MT15-Tuya devices were deployed at various locations across the uni-
versity to capture spatial variations in air quality, and the monitoring points were
selected to represent a mix of functional areas, including classrooms, high-traffic
areas, enclosed spaces, and outdoor-sensitive areas. All data collected was system-
atically transferred to a secure local server. To ensure data integrity, it was backed
up daily. To support thorough analysis, other parameters, as an example, tempera-
ture and humidity, were, along with the pollutants, captured and saved during the
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set interval. In addition, to support accurate analysis, scheduled calibrations were
undertaken with reference-grade devices.
To understand how air quality changes within different zones of the university’s cam-
pus, a rich variety of data was collected from numerous indoor and outdoor settings.
The selected sites included the Washroom (6th floor), Inside kitchen, Fire exit (6th
floor), Pond area, Library, Level-6 (inside lift and outside lift), Level-7 (inside lift
and outside lift), Level-8 (inside lift and outside lift), Level-9 classroom (9E-20T),
Rooftop (13th floor), Basement 1, Basement 2, and Basement 3, 4th floor, 10th
floor, Auditorium. At each location, the device was positioned and measurements
were taken systematically.

Figure 3.2: Pond. Figure 3.3: Auditorium. Figure 3.4: 4th Floor.

At the pond (3.2), the placement of the device occurred in front of the water body
in order to facilitate the recording of outdoor environmental conditions. At the au-
ditorium (3.3), measurements were taken outside the main entrance door to collect
sample data from a high-traffic gathering area. On the 4th floor (3.4), the device
was positioned outside of the lift to capture measurements of a corridor with a lot
of people in the area.

Figure 3.5: 6th Floor.
Figure 3.6: Library. Figure 3.7: 7th Floor.

At the 6th-floor locations (3.5), the device was used in multiple spots: inside the
washroom to capture air quality in a confined space, in the kitchen to assess emis-
sions from cooking activities, inside the lift cabin to record conditions in an enclosed
area, outside the lift in the corridor to compare with the surrounding environment,
and at the fire exit to monitor conditions in the passageway. In the library (3.6),
measurements were taken inside the floor area to represent a high-occupancy aca-
demic environment. On the 7th floor (3.7), air quality or the sample data were
captured in both inside the lift cabin’s and outside in the corridor’s to compare air
quality between enclosed and open spaces.
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Figure 3.8: 8th Floor. Figure 3.9: 9th Floor. Figure 3.10: 10th Floor.

On the 8th floor (3.8), air quality was measured both inside the lift cabin and then
outside in the corridor to compare conditions between the enclosed and open spaces.
In the 9th-floor classroom "9E-20T" (3.9), sample data were collected inside of the
classroom in a high-occupancy academic setting. On the 10th floor (3.10), just out-
side the lift corridor, air quality data were collected in order to assess the conditions
in the common corridor area.

Figure 3.11: Basement-1. Figure 3.12: Basement-2. Figure 3.13: Basement-3.

In Basement-1 (3.11), air quality measurements were taken in front of vehicles and
buses to capture pollutant levels in a vehicular area. In Basement-2 (3.12), the
device was similarly placed in front of vehicles and buses to record air quality in an-
other parking section. In Basement-3 (3.13), data were collected in front of vehicles
to assess pollutant concentrations in the parking area.

Figure 3.14: Rooftop.

On the rooftop (3.14), air quality measurements were taken in the green field area
to capture outdoor environmental conditions above the building.
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3.3 Data processing

Figure 3.15: Data preprocessing

Data Input

• The dataset was imported into Python using Pandas library.

• Initially the dataset was checked for the structure, dimensions, and rarity of
entries across all columns, as well as identifying missing or null values.

• Missing values in the Date and time columns were found, but sincere are not
using these features that’s why they are not removed.

Handling Missing Values

• Records missing data or time were deleted because they are critical for tem-
poral analysis.

• Pollutant values which have invalid entries were converted into numeric forms.

• Any remaining missing values were covered with the average values of that
feature so that we don’t have to delete the whole row, less data was lost.

Outlier Detection
Outliers were identified in each pollutant feature using the Interquartile Range (IQR)
method. The lower and upper bounds were computed as:

Lower Bound = Q1 − 1.5× IQR, Upper Bound = Q3 + 1.5× IQR

The number of outliers in each feature was counted. All the outliers were kept
because, as extreme pollutant values may display real word pollution spikes rather
than noise.
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Target Variable Transformation (AQI Categories)
The continuous Air Quality Index (AQI) values were converted into categorical labels
using standard threshold levels, as shown below:

• Good: AQI ≤ 50

• Moderate: 51 ≤ AQI ≤ 100

• Caution: 101 ≤ AQI ≤ 150

• Unhealthy: 151 ≤ AQI ≤ 200

• Very Unhealthy: 201 ≤ AQI ≤ 300

This transformation converted the regression task into a multi-class classification
problem.

Feature Selection
Seven pollutant-based features were selected as predictors, representing both gaseous
and particulate matter sources:

• CO2 (ppm)

• TVOC (mg/m3)

• HCHO (mg/m3)

• PM0.3 (µg/m3)

• PM1.0 (µg/m3)

• PM2.5 (µg/m3)

• PM10 (µg/m3)

Label Encoding
Using Lebel encoders the AQI category names were changed into integer values, so
that the ML models can understand and use them easily.

Feature Scaling

• The input features were scaled using the StandardScalar that’s why they have
the mean value of zero and standard deviation of one.

• We know tree-based models do not need scaling, but it was done to make the
features more suitable across different algorithms.

Train-Test Split

• The dataset was divided into 80% for training and 20% for testing.

• Stratified sampling was used to keep the same stability of AQI categories in
both parts.
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3.3.1 Exploratory Data Analysis (EDA)

Table 3.1 shows summary statistics of pollutants and AQI.

Table 3.1: Summary Statistics of Pollutants and AQI

Pollutant Min Max Median Mean Standard deviation
CO2 (ppm) 0.001 1139 400.0 403.041 54.513
TVOC (mg/m3) 0.001 144.0 0.043 0.941 8.161
HCHO (mg/m3) 0.0 220.0 0.040 0.987 11.242
CO (ppm) 0.0 46.0 0.0 0.528 3.545
PM1.0 (µg/m3) 1.0 776.0 51.0 56.791 32.659
PM2.5 (µg/m3) 0.0 403.0 82.0 93.905 53.547
PM10 (µg/m3) 0.024 400.0 75.0 100.402 113.554
PM0.3 (µg/m3) 1.0 288.0 68.0 74.852 41.001
AQI 2 298.0 122.0 119.94 56.581

Correlation matrix between pollutants and AQI categories:
The correlation matrix determine the relationship between each pollutant and the
AQI

Figure 3.16: Kendall Correlation Matrix.

Kendall Correlation Matrix (3.16) shows Kendall’s tau correlation coefficients
between multiple pairs of variables, showing the strength and direction of monotonic
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association for each pair. PM2.5 (0.45), PM10 (0.41), PM0.3 (0.45), and PM1 (0.31)
show strong correlation. CO (0.19), TVOC (0.09), HCHO (0.12), and CO2 (0.03)
show less correlation.

Figure 3.17: Spearman Correlation Matrix.

Spearman Correlation Matrix
(3.17) shows each cell Spearman’s rho (ρ) value for a pair of variables. PM0.3 (0.59),
PM2.5 (0.58), PM10 (0.53), and PM1 (0.40) show strong correlation; CO (0.24),
TVOC (0.11), HCHO (0.16), and CO2 (0.04) show less correlation.
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Figure 3.18: Pearson Correlation Matrix.

Pearson Correlation Matrix (3.18) shows linear relationships, which specifically
measure how strongly two continuous variables are related in a straight-line pattern.
PM0.3 (0.54), PM2.5 (0.53), PM10 (0.33), and PM1 (0.30) show strong correlation,
while CO (0.28) shows moderate correlation. TVOC (0) and HCHO (0) show no
correlation, and CO2 (-0.04) shows a slight negative correlation.
The key observation is that particulate matter is more responsible for the worst AQI
than gaseous pollutants.

Class-wise analysis:
In this study, we follow six classes of AQI classification, which are standardized by
the US EPA. Six classes are Good (0–50), Moderate (51–100), Caution (101–150),
Unhealthy (151–200), Very Unhealthy (201–300), and Hazardous (301–500+).
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Figure 3.19: AQI level doughnut chart.

The donut chart (3.19) shows the caution class has the highest data at 39.9%
(n=653); the second highest class is unhealthy at 23.5% (n=385); the moderate
class has 20.7% (n=339); the good class has 11.6% (n=190); and the very unhealthy
class has 4.3% (n=70) of the data. Additionally, no hazardous values were found
anywhere.

Month-wise analysis:

AQI analysis: This box plot (3.20) shows monthly Air Quality Index (AQI) distri-
bution. Which reveals a severe seasonal pattern, with persistently poor air quality
from January to March and a significant peak of hazardous conditions in June. No-
tably, March was uniquely characterized by frequent, extreme pollution episodes,
while June suffered from the highest sustained levels of pollution.
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Figure 3.20: AQI distribution over months.

Gaseous Pollutants:

CO2 and CO: The density of CO2 (Fig. 3.22) and CO (Fig. 3.21) remains relatively
stable across the observed months (January to July), with tight distributions and
low variability. Median CO2 levels show a slight increase in May, whereas CO levels
are consistently low, with medians near the lower detection limit.

Figure 3.21: CO2 over months.

Figure 3.22: CO over months.
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TVOC and HCHO: These elements show extremely low and stable concentrations
from January to May and in July. However, the month of June is marked by a
significant number of high-concentration outliers for both TVOC (Fig. 3.24) and
HCHO (Fig. 3.23), suggesting the occurrence of episodic emission events during
that period.

Figure 3.23: HCHO over months.

Figure 3.24: TVOC over months.

Figure 3.25: Parallel Coordinates Plot of Average Gas Levels by Months.

In Fig. 3.25, it shows there are complicated, inverse patterns of gaseous pollutants
where higher levels of CO2 and CO from winter to spring occur in exact opposition
to a significant and simultaneous decrease in TVOC and HCHO concentrations.

Particulate Matters (PM):
All measured PM fractions, PM0.3 Fig. 3.26, PM10 Fig. 3.27, PM2.5 Fig. 3.28, and
PM1 Fig. 3.29, show a consistent and clear seasonal trend.
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Figure 3.26: PM0.3 over months

Figure 3.27: PM10 over months

Concentrations are highest in January, gradually decrease to their lowest levels
around April, and then rise again to a secondary peak in June before declining
in July. The variation, as indicated by the IQR, is most noticeable during the peak
months of January and June.

Figure 3.28: PM2.5 over months
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Figure 3.29: PM1 over months

Fig. 3.30 shows a parallel coordinates plot of average PM levels by months. All
particulate matter fractions are strongly correlated with each other and show a
distinct seasonality with winter peaks in pollution (January-February) and a more
significant, AQI-driven peak during the summer (June-July).

Figure 3.30: Parallel Coordinates Plot of Average PM Levels by Months.

Fig. 3.31 shows the monthly data reveal two contrasting patterns of pollution a
typical, seasonal cycle for all fractions of particulate matter (PM) with summer and
winter maxima, in contrast with overall gaseous pollutant stability interrupted by
large, notable emissions for HCHO and TVOC during June. While the gaseous
pollutants were comparatively stable, the particulate matter concentrations showed
a distinct seasonal trend.
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Figure 3.31: Bump Chart of all Pollutants and AQI over months

Location-wise analysis:

Datacount: The bar chart Fig. 3.32 presents a bar chart detailing the distribution
of data points across 19 distinct locations. The data collection appears relatively
balanced for most sites, with the number of data points per location generally rang-
ing from 75 to 100. The ’Fire Exit (6th floor)’ provided the maximum number of
samples (n=110), closely followed by ’Inside Kitchen’ (n=107) and ’Pond’ (n=105).

Figure 3.32: Location-wise data count.

On the other hand, the ‘9E-207-level-9‘ location is a significant outlier, contributing
the lowest count of only 19 data points, indicating its underrepresentation in the
dataset compared to the other locations.
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Figure 3.33: Horizontal Bar chart of average AQI over locations

AQI analysis:
The horizontal bar chart Fig. 3.33 shows the highest AQI in the washroom, and fire
exit is approximately 145 to 155. The library shows the lowest AQI and other areas
are in a stable pattern.

Gaseous Pollutants:
A comparative analysis of gaseous pollutants Fig. 3.34 shows distinct concentration
patterns across the various locations, as visualized on a logarithmic scale to accom-
modate values spanning several orders of magnitude. Therefore, CO2 concentrations
remain stable at approximately 400 PPM, consistent with ambient atmospheric lev-
els, while CO is negligible, mostly in all areas except some basement areas, suggesting
an absence of significant combustion sources.

Figure 3.34: All gas concentrations over location (bar chart)

In stark contrast, TVOC and HCHO exhibit significant spatial variation, with
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markedly elevated levels in enclosed environments such as the kitchen, washroom,
and basement areas. This suggests that localized emission sources, likely related to
specific activities or materials within these areas, are the primary drivers of indoor
air quality degradation, whereas background gas levels are largely uniform.

Particulate Matter (PM):
The spatial distribution of particulate matters Fig. 3.35 shows significant variability
across the different monitored locations. PM mass concentrations are highly depen-
dent on the specific environment, with the highest levels of PM10, PM2.5, PM1, and
PM0.3 consistently recorded in indoor areas such as the ‘Library‘, ‘Basement3‘, and
the ‘4th‘ and ‘10th‘ floors. Conversely, the ‘Pond‘ and ‘Fire Exit‘ locations exhib-
ited the lowest PM levels, likely due to natural ventilation and lower human activity.
In areas with high pollution, the concentrations of all particle sizes trend together,
indicating common emission or ventilation sources. Notably, PM2.5 constitutes a
substantial fraction of the total PM10 mass in these locations, highlighting a poten-
tial health concern associated with exposure in these specific indoor environments.

Figure 3.35: All PM’s concentration by location (Barchart).

Indoor vs. Outdoor Analysis : Fig. 3.36

Indoor analysis:
The indoor air quality analysis indicates robust spatial heterogeneity, driven by ex-
tremely localized emission sources. The indoor locations like the Washroom (6th
floor), Inside Kitchen, Fire Exit (6th floor), all three Basements, 4th and 10th floors,
and Auditorium are found to have poor air quality. In particular, the Washroom
has the highest overall AQI, the Kitchen is a significant source of TVOCs, and the
Basements are hot spots for CO and HCHO, likely from car exhaust. By sharp
contrast, other indoor environments like the library and the areas in the lifts show
consistently low pollutant levels. This comparison emphasizes the fact that despite
many of the indoor areas suffering from heavy internal pollution, effective local air
cleaning can efficiently create clean air areas within the building.

Outdoor analysis:
Outdoor location analysis implies that ambient air quality in the immediate vicinity
of the building is not good. Places like Pond, Rooftop (13th floor), and open spaces
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on floors 6, 7, and 8 always record high AQI values. Both gaseous pollutants (TVOC,
HCHO, and CO) and all fractions of particulate matter have high concentrations as
per the data. This extremely polluted external environment is a constant external
hazard, a steady supply of contaminants that percolate into the building and must
be addressed by its ventilation and filtering equipment.

Figure 3.36: Indoor vs Outdoor (Bar chart).

To sum up, outdoor air is consistently heavily polluted; indoor air quality varies
dramatically due to severe, localized internal emission hotspots.

3.4 Machine Learning Models

3.4.1 CatBoost (Categorical Boosting)

Ensemble of Decision Trees (Gradient Boosting):

• CatBoost creates a group of decision trees, where each tree learns from the
mistakes made by the previous ones before it makes predictions.

• Prediction equation:

Fig. 3.37 illustrates the conceptual workflow of the CatBoost model.
The prediction function in CatBoost can be represented as (Eq. 3.1):

F (x) = F0(x) +
M∑

m=1

fm(x) (3.1)

where,
F (x) : Final prediction for input x,
F0(x) : Initial prediction,
fm(x) : Output of the m-th tree, and
M : Total number of trees.
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Figure 3.37: CatBoost Model Architecture.

Ordered Boosting & Symmetric Trees:

• Ordered Boosting: CatBoost uses a unique method called ordered Boosting to
train the model more securely. The model does not accidentally ‘peek’ at the
answers while learning because it shuffles the training data in a smart way.
This way helps the model to learn genuinely, avoid overfitting data and makes
better predictions.

• Symmetric Trees: At the same level all the nodes of the tree split the data
in the same way, which makes the tree balanced and helps it to work faster
which gives better performance.

Loss Function (Objective):

• For multiclass classification, CatBoost minimizes multiclass log loss:

L = −
N∑
i=1

yi log(ŷi) (3.2)

where,
yi: True label of the i-th sample, and
ŷi: Predicted probability for class i.

• The model looks at how wrong the current predictions are — meaning the
difference between actual and predicted values — and it learns from the errors
to make better predictions in the upcoming iterations.
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Gradient and Hessian

• CatBoost uses two types of information. One is how much the error is chang-
ing, which means the gradient, and the other one is how fast it’s changing,
which is called the Hessian, to improve each tree.

Regularization and Early Stopping

• Regularization: This adds a small penalty to every model to stop them from
learning noise in the data.

• Early Stopping: It means the model stops training early if the accuracy or loss
stops improving after several rounds, avoiding it from overtraining.

Prediction and Evaluation

• The final model is the sum of all trees’ outputs, producing a probability dis-
tribution over AQI categories.

3.4.2 XGBoost (Extreme Gradient Boosting)

Ensemble of Decision Trees (Gradient Boosting Framework)

• Core Principle: XGBoost works the same as CatBoost, where each tree
learns from the mistakes made by the previous ones before it makes predictions.

Figure 3.38 shows the structure of the XGBoost model.
The prediction for the i-th instance can be expressed as (Eq. 3.3):

ŷ(i) = F0(xi) +
M∑

m=1

fm(xi) (3.3)

where,
ŷ(i) : Final prediction for input,
F0(xi) : Initial prediction,
fm(xi) : Output of the m-th tree, and
M : Total number of trees.
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Figure 3.38: XGBoost Model Architecture.

Gradient Boosting Optimization in XGBoost

Loss Function: For classification, XGBoost minimizes multiclass log-loss given by
(Eq. 3.4):

L = −
N∑
i=1

yi log(ŷi) (3.4)

where,
yi : True label for the i-th instance.
ŷi : Predicted probability for class i.
Gradient and Residuals: At each iteration, XGBoost computes the gradient —
the difference between the model’s current predictions and the actual values — to
determine how to improve the next tree (Eq. 3.5):

r
(t−1)
i = − ∂ŷ

(t−1)
i

∂L(yi, ŷ
(t−1)
i )

(3.5)

Each new tree is trained to correct these residuals, updating the model as (Eq. 3.6):

ŷ
(t)
i = ŷ

(t−1)
i + ηft(xi) (3.6)

where η is the learning rate controlling each tree’s contribution.
Regularization: XGBoost discourages trees which are too complex to handle, so
the model does not memorize the training data and perform better with new data.
Prediction and Evaluation: The model summing the outputs of all trees and
uses that to predict AQI category for each of the samples in the test set.
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3.4.3 Random Forest

Multiple independent decision trees are constructed by Random Forest and their
outputs are combined for final prediction. (Figure 3.39).
Core Principle: Random Forest first builds many decision trees and then combines
all the tree results to make actual predictions.
Bootstrap Aggregation (Bagging): Each tree is trained on a random sample of
the training data is called bootstrapping.
Prediction Aggregation: For the classification part, each of the trees votes for a
class and the most voted class becomes the final prediction (Eq. 3.7):

ŷ = mode{T1(x), T2(x), . . . , TN(x)} (3.7)

where,
Ti(x) is the prediction of the i-th tree, and
N is the total number of trees.

Figure 3.39: Random Forest Model Architecture.

Decision Tree Splitting: Each of the trees divides the data using the feature
values to make classes as separate as possible and chooses the best split which gives
the accurate information.
Gini Impurity:

G = 1−
K∑
k=1

p2k (3.8)

Entropy:

H = −
K∑
k=1

pk log(pk) (3.9)
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In (Eq. 3.8), (Eq. 3.9) where pk is the proportion of samples belonging to class k
within the node.
Random Feature Selection: At each split, the tree only looks for the random
selection of the features, which makes the tree different from each other.

3.4.4 LightGBM (Light Gradient Boosting Machine)

Ensemble Gradient Boosting Framework, LightGBM builds a strong model by adding
simple trees step by step. Each tree learns and fixes their mistakes by the help of
previous trees. (Figure 3.40).
Prediction Equation:

ŷ(i) = F0(xi) +
M∑

m=1

fm(xi) (3.10)

In (Eq. 3.10) where,
F0(xi) is the initial prediction,
fm(xi) is the output of the m-th tree, and
M is the total number of trees.

Figure 3.40: LightGBM Model Architecture.

Leaf-wise Tree Growth: Unlike most boosting methods that grow trees according
to their levels but in LightGBM it grows trees leaf by leaf.
Histogram-based Splitting: LightGBM groups the feature values into bins and
uses those bins to decide the best split. This makes the tree use less memory and
faster to build.
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Loss Function: For classification, LightGBM minimizes the multiclass log-loss
(cross-entropy)(Eq. 3.11):

L = −
N∑
i=1

yi log(ŷi) (3.11)

Here, yi is the true label
ŷi is the predicted probability for class i.

Gradient-Based One-Side Sampling (GOSS)

• During the training period, LightGBM keeps the data which are hard to predict
and randomly picks some of the easy ones. In this way, the model learns from
the most important and challenging examples.

Exclusive Feature Bundling (EFB):

• LightGBM combines the features which don’t appear together to make the
data simpler which helps the model to train faster and especially helps when
there are multiple features and mostly empty values.

Regularization and Efficiency:

• Using regularization helps the model avoid memorizing the training data. Also
train multiple parts at the same time for making it faster and able to handle
big datasets.

3.4.5 LSTM (Long Short-Term Memory Network)

LSTM is a recurrent neural network (RNN) variant that captures both short-term
and long-term dependencies in sequential data such as pollutant readings (Fig-
ure 3.41).
LSTM Cell Structure: Each LSTM unit consists of a memory cell and three
gates:

ft = σ(Wf [ht−1, xt] + bf ) (Forget Gate) (3.12)
it = σ(Wi[ht−1, xt] + bi) (Input Gate) (3.13)

C̃t = tanh(WC [ht−1, xt] + bC) (Cell Candidate) (3.14)

Ct = ft ⊙ Ct−1 + it ⊙ C̃t (Cell State Update) (3.15)
ot = σ(Wo[ht−1, xt] + bo) (Output Gate) (3.16)
ht = ot ⊙ tanh(Ct) (Hidden State Output) (3.17)

where,
xt is the input at time t,
ht−1 the previous hidden state,
σ the sigmoid activation, and
⊙ denotes element-wise multiplication.
Dropout Layers: It randomly turns off some neurons while training so that the
model does not rely on any part which helps it to learn better and perform well on
new data.
Dense Layers:
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• Hidden Dense Layer: Applies a ReLU activation, ReLU(z) = max(0, z).

• Output Dense Layer: Uses the softmax function to generate class proba-
bilities across AQI categories.

Figure 3.41: LSTM Model Architecture.

Loss Function: Categorical Cross-Entropy (Eq. 3.18):

L = −
N∑
i=1

yi log(ŷi) (3.18)

Optimizer: Adam optimizer adapts learning rates for faster convergence.
Prediction and Evaluation: Predicts the AQI category with the highest prob-
ability. Performance is evaluated using accuracy, precision, recall, F1-score, and a
classification report.

3.4.6 Support Vector Machine (SVM)

SVM is a supervised learning method that finds the next hyperplane to separate the
data into different classes, even though there are many features.(Figure 3.42).

Kernel Trick: The RBF kernel changes the data into the higher dimensional space,
which helps SVM to handle the non linear data and complex patterns.
The kernel function is:
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K(x, x′) = exp(−γ∥x− x′∥2) (3.19)

In (Eq. 3.19), where γ controls the influence of each training instance.

Decision Function: The SVM predicts the class label by computing:

f(x) = sign

(
N∑
i=1

αiyiK(xi, x) + b

)
(3.20)

In (Eq. 3.20) where,
αi are Lagrange multipliers,
yi class labels,
K(xi, x) the kernel function, and
b the bias term.

Optimization Objective: Maximize the Margin: SVM tries to make the gap as
wide as possible because of the diving line and closest points of different classes.
Soft Margin: The regularization parameter C. balances making the margin wide
and keeping classification error small

Probability Estimates: With probability=True, SVM uses Platt scaling to con-
vert decision function outputs into probability estimates for each class.

Figure 3.42: SVM Model Architecture.

Prediction and Evaluation:
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Prediction: SVM predicts AQI categories for the test data by choosing the class
which got the highest score for each sample data.
Evaluation: Model performance is checked using accuracy, precision, recall, F1-score,
and a classification report tells us how well it predicts.

3.4.7 GRU (Gated Recurrent Unit)

The GRU layer also processes the sequential data and can remember important
past information in pollutant features. The model understands the patterns over
time.(Figure 3.43).
GRU Cell Equations:

zt = σ(Wzxt + Uzht−1 + bz) (Update Gate) (3.21)
rt = σ(Wrxt + Urht−1 + br) (Reset Gate) (3.22)

h̃t = tanh(Whxt + Uh(rt ⊙ ht−1) + bh) (Candidate Activation) (3.23)

ht = (1− zt)⊙ ht−1 + zt ⊙ h̃t (Hidden State Update) (3.24)

Here,
xt is the input at time t,
ht−1 is the previous hidden state,
σ is the sigmoid activation,
◦ denotes element-wise multiplication.

Dropout Layer: Randomly drops a fraction of units during training to prevent
overfitting and improve generalization.

Dense Output Layer: It takes GRU outputs to AQI category probabilities. Uses
softmax function for handling multiple categories. For all AQI categories it produces
a probability.
Loss Function: Categorical Cross-Entropy:

L = −
N∑
i=1

yi log(ŷi) (3.25)

In (Eq. 3.25) where,
yi: True label, and
ŷi: Predicted probability for class i
Optimizer: It is an optimizer which automatically adjusts the learning speed. Also
uses the errors for updating the models weight and helps the model to learn faster.
Prediction and Evaluation: The main trained models give a chance for each AQI
category. The category with the highest chance is chosen as the prediction.
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Figure 3.43: GRU Model Architecture.

3.4.8 Hybrid Model

Overview:
In Figure 3.44 shows the proposed model architecture. The proposed model is a
tabular classification model with a hybrid architecture of deep learning and machine
learning. The deep learning part is used for extracting feature embeddings from
multivariate air pollutant data and a machine learning (random forest classifier)
for refined classification. Additionally, the final prediction is observed through a
weighted soft-voting ensemble, combining both components to increase robustness
and improve categorical Air Quality Index (AQI) prediction.
Data flow pipeline:
Input features (CO2, TVOC, HCHO, PM0.3, PM1.0, PM2.5, and PM10.0) are reshaped
for Conv1D layer input.
The CNN block finds the local patterns of features and complex abstractions, which
are followed by the Feature Attention Mechanism to capture the most informative
features. Moreover, this full process creates a 128-dimensional embedding vector as
the final feature presentation.
After that the embedding is directly captured with path A (Neural Network) which
is a fully connected softmax classifier. Also, the embedding is used as input to the
path B (Random Forest classifier) model to perform categorical classification. The
probabilistic outputs of the neural network and random forest are combined through
weighted soft voting, giving the random forest greater weight for its robustness with
tabular embeddings. The final classification prediction is the highest combined
probability.
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Neural Network Architecture (Feature Extractor):
The CNN block is used as a backbone with feature attention to capture the spatial
dependencies among pollutants (Figure 3.44).
Input layer:
The input shape is (7,1), where 7 is the pollutant feature and 1 is the channel
dimension.
Input format,
X = [x1, x2, . . . , xF ], X ∈ R(F×1)

where F = 7, the number of pollutant features.
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Figure 3.44: Hybrid Model Architecture.
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Convolutional Layers:
Conv1D (64 filters, kernel size = 3) and ReLU activation, Conv1D (128 filters,
kernel size = 3) and ReLU activation, Conv1D (256 filters, kernel size = 3) and
ReLU activation.
Each Conv1D layer can be defined as,

h(l) = ReLU(W (l) ∗ h(l−1) + b(l)) (3.26)

In (Eq. 3.26), where
“*” = 1D convolution operation;
W (l), b(l) = trainable weights and biases of layer l;
h(0) = X is the input feature vector.

Pooling and Normalization:
MaxPooling1D with pool size = 2 decreases dimensionality while preserving major
features. Batch normalization stabilizes training and accelerates convergence.

Feature Attention Layer:
A custom attention technique learns and allocates importance weights to each fea-
ture map. These attention scores are normalized using softmax and applied through
multiplication, directing the model’s concern to the most focused pollutants for clas-
sification.
The weighted feature representation becomes:

αi =
exp(xi · w)∑F
j=1 exp(xj · w)

(3.27)

In (Eq. 3.27), where
xi = feature representation of pollutant i;
w = trainable attention weight vector;
αi = normalized attention score for feature i.
GlobalAveragePooling1D condenses each feature map into a global representation.

Dense layers:
Dense (256 filters) and ReLU activation with Batch Normalization and Dropout
(0.3) concentrate representations and prevent overfitting. Dense (128 filters) with
ReLU activation, which is named “embedding,” produces the final 128-dimensional
embedding vector, which acts as a compressed representation of air quality patterns.

Softmax Classification Head (NN path):
Dense (num_classes, softmax) outputs class probabilities for AQI levels.

Neural Network Classifier (Path A):
Softmax output for class c:

PNN(c|X) =
exp(W T

c e+ bc)∑C
k=1 exp(W

T
k e+ bk)

(3.28)

In (Eq. 3.28), where C is the number of AQI categories.
Softmax Classification Head: Dense (number of classes, softmax), which predicts
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probabilities for AQI levels. The loss function is categorical cross-entropy, and the
optimizer is Adam with a learning rate of 0.0008.

Random Forest Classifier on Learned Embeddings (Path B):
The embeddings followed by the CNN are extracted and provided as input to a
random forest classifier. Random Forest hyperparameters Number of trees (num-
ber of estimators) = 1000, Maximum depth = 50, Feature selection at splits =√

(number of features), Parallel training with all available CPU cores.
The Random Forest classifier praises the deep neural network by building an ensem-
ble of various decision trees over the embedding space. By combining randomness
and aggregation, each tree captures unique partitions of the feature space, and their
collective output forms a robust, accurate classifier. In the hybrid model, Random
Forest converts the 128-dimensional neural embeddings into precise class boundaries,
strengthening the deep feature extractor with a rule-based ensemble that markedly
improves prediction accuracy and stability.
The RF predicts class probabilities by averaging across trees:

PRF (c|e) =
1

T

T∑
t=1

Pt(c|e) (3.29)

In (Eq. 3.29), where:
T = number of trees = 1000;
Pt(c|e) = probability assigned to class c by tree t.

Ensemble Strategy:
To explore the strengths of both models, a weighted soft-voting ensemble is applied
(Eq. 3.30):

Pensemble(c) = 0.7× PRF (c) + 0.3× PNN(c) (3.30)

The greater weight is given to the Random Forest classifier to reflect its stronger
ability to capture decision boundaries in the embedding space; moreover, the neu-
ral network provides complementary information through its direct softmax outputs.

Tuning:
The proposed model has multiple tuning strategies to enhance predictive accuracy
while preventing overfitting. Neural network hyperparameters with learning rate,
dropout, filter sizes, and batch size were optimized experimentally, with adaptive
callbacks like ReduceLROnPlateau and EarlyStopping facilitating efficient training.
The Random Forest was fine-tuned by using 1000 trees, limiting tree depth to 50,
and selecting random feature subsets. Ensemble weights were adjusted to 0.7 for RF
and 0.3 for the neural network after testing various combinations. However, these
optimizations ensured the hybrid model maintained stability and strong generaliza-
tion.
Reasoning for choosing the combination shown in Table 3.2:

3.4.9 K-Fold Cross-Validation (Stratified)

K-fold cross-validation splits the dataset into K equal parts (folds), preserving class
proportions in each fold.
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Table 3.2: Reasoning for choosing combination for Hybrid model

Sequence CNN+DNN CNN+DNN+Embedding Add Attention Add only PathA (NN) Add only PathB (RF) Proposed model
Accuracy 0.80 0.82 0.84 0.83 0.82 0.87
Macro avg
Precision 0.85 0.88 0.88 0.76 0.80 0.87
Recall 0.69 0.69 0.74 0.72 0.71 0.78
F1 0.68 0.70 0.76 0.72 0.72 0.80
Weighted avg
Precision 0.81 0.84 0.85 0.82 0.83 0.87
Recall 0.80 0.82 0.84 0.83 0.82 0.87
F1 0.79 0.81 0.84 0.82 0.81 0.86

• In K-fold cross validation, the main data split into K parts.

• The model will be trained into K-1 parts and tasted on the remaining ones.

• This will be repeated K times so that each part is tested and the average of all
the results like accuracy,precision gives a more reliable performance estimate.

Benefits:

• It reduces the bias from a single train/test split.

• Provides reliable estimates, especia;;y when the classes are uneven.

• It also ensures fair comparison across all models.

3.4.10 Evaluation Metrics

Accuracy: Accuracy measures how often the models predictions are correct, how
many times the model guesses, whether its positive or negative, actually matched
the true outcomes.

Accuracy =
TP + TN

TP + TN + FP + FN
(3.31)

Accuracy is most effective when the dataset is balanced.

Precision: Precision shows how many of the cases the model labeled as positive
were actually correct. In short it tells us how reliable the models’ positive predictions
are.

Precision =
TP

TP + FP
(3.32)

useful when making a wrong positive prediction has serious issues.

Recall: Recall shows how good the model is at finding all actual positive cases. In
short it measures how many of the real positives the model successfully found.

Recall =
TP

FN + TP
(3.33)

important when missing a positive case could lead to serious effects.
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F1-Score: The F1-score is the combination of precision and recall into a single
value to show how well the model is balanced in accuracy and coverage. The F1-
score especially works when one type of result is less common and gives a fair overall
measure of the model’s performance.

F1-Score = 2×
(
Precision×Recall

Precision+Recall

)
(3.34)

Confusion Matrix: A confusion matrix is like a table of content which shows
where the model made correct predictions and where it made mistakes for each of
the classes. It lines up the models predictions against the true labels that’s why it’s
easy to see the correct hits or misses.
First, collect true labels and the models predicted labels from the test data.
Make a table where the rows show the real classes and the columns show the pre-
dicted class.
All the diagonal boxes show correct predictions, and others show where the model
gets confused.
From the table, we can calculate precision,recall and F1-score to see how well the
model’s performance and guide fixes.

ROC Curve: The ROC curve is like a graph where it shows how well a model
separates two classes when the decision threshold changes. It also shows the bal-
ance between true positives(TPR), mistakenly marking negatives as positives(FPR)
across all possible thresholds.

Key Terms & Equations:

True Positive Rate (TPR) / Recall:

TPR =
TP

FN + TP
(3.35)

False Positive Rate (FPR):

FPR =
FP

TN + FP
(3.36)

X-axis: False Positive Rate (FPR)
Y-axis: True Positive Rate (TPR)
Each point on the ROC curve corresponds to a different threshold.

AUC (Area Under the Curve):

AUC =

∫ 1

0

TPR(FPR) d(FPR) (3.37)

Use the ROC/AUC to compare models without depending on one fixed threshold.
Especially when the cost ratio is not extreme and the positive/negative class distri-
bution is stable.
If one class is much smaller or the cost errors are very uneven then it’s better to
check the precision recall curve for a clear picture.
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3.4.11 Explainability Methods

Explainability Methods used to observe the reasoning behind the model’s true or
false prediction.
In our study, we use the SHAPley Additive exPlanation (SHAP) forced plot to ob-
serve the contribution and pattern of pollutant features towards the hybrid model’s
output as well as the prediction. It uses Shapley values to recognize the pattern.
In the force plot, the base value is the average model output across the training
dataset. Each feature positions according to this base value upward or downward
toward the predicted value.
Features shown in red (or pushing to the right) have positive SHAP values, which
means those features contribute more to predicting class. Features in blue (or push-
ing to the left) mean they decrease the predicted probability. The length of the bars
or arrows represents the strength of each feature’s impact. The longer the bar, the
stronger its influence.
This visualization is a very effective way to understand how the model actually
predicts true or false classes.
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Chapter 4

Result and Discussion

4.1 Accuracy:
Fig. 4.1 shows Hybrid model accuracy is 0.87. Random forest, LightGBM, and
CatBoost are in the 2nd highest position with 0.84 accuracy. LSTM 0.71, SVM
0.62, and GRU 0.59.

Figure 4.1: Model Accuracy comparison.

4.2 Precision, Recall, F1 score result and analysis:
Machine learning model comparison in Table 4.1, Deep learning model comparison
in Table 4.2, and 5-fold K-cross validation in Table 4.3
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Table 4.1: Class-wise Precision, Recall, and F1-score for Different Models

Model Class Precision Recall F1-score

CatBoost

Caution 0.80 0.90 0.85
Good 0.85 0.74 0.79
Moderate 0.94 0.87 0.90
Unhealthy 0.81 0.79 0.80
Very Unhealthy 1.00 0.64 0.78

LightGBM

Caution 0.82 0.89 0.86
Good 0.80 0.85 0.82
Moderate 0.94 0.87 0.90
Unhealthy 0.83 0.77 0.80
Very Unhealthy 0.83 0.71 0.77

Random Forest

Caution 0.82 0.88 0.85
Good 0.82 0.74 0.78
Moderate 0.91 0.88 0.90
Unhealthy 0.82 0.79 0.81
Very Unhealthy 0.77 0.71 0.74

SVM

Caution 0.56 0.83 0.67
Good 0.74 0.53 0.62
Moderate 0.77 0.25 0.38
Unhealthy 0.68 0.70 0.69
Very Unhealthy 0.67 0.29 0.40

XGBoost

Caution 0.81 0.87 0.84
Good 0.81 0.76 0.78
Moderate 0.87 0.85 0.86
Unhealthy 0.82 0.81 0.82
Very Unhealthy 0.87 0.50 0.63
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Table 4.2: Class-wise Precision, Recall, and F1-score for GRU, LSTM, and Hybrid
Models

Model Class Precision Recall F1-score

GRU

Accuracy 0.59
Caution 0.57 0.73 0.64
Good 0.65 0.53 0.58
Moderate 0.79 0.34 0.47
Unhealthy 0.59 0.70 0.64
Very Unhealthy 0.33 0.21 0.26

LSTM

Accuracy 0.71
Caution 0.75 0.74 0.75
Good 0.67 0.53 0.59
Moderate 0.77 0.69 0.73
Unhealthy 0.65 0.83 0.73
Very Unhealthy 0.56 0.36 0.43

Hybrid

Accuracy 0.87
Caution 0.83 0.91 0.87
Good 0.85 0.89 0.87
Moderate 0.95 0.90 0.92
Unhealthy 0.87 0.84 0.86
Very Unhealthy 0.83 0.36 0.50
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5-fold K-cross validation:

Table 4.3: Overall performance comparison of models using 5-fold cross-validation.

Model Accuracy Precision Recall F1-score
CatBoost 0.8271 ± 0.0125 0.8398 ± 0.0431 0.7504 ± 0.0336 0.7776 ± 0.0373
LightGBM 0.8428 ± 0.0096 0.8426 ± 0.0170 0.8262 ± 0.0256 0.8331 ± 0.0212
SVM 0.6144 ± 0.0293 0.6657 ± 0.0364 0.6144 ± 0.0293 0.5919 ± 0.0474
XGBoost 0.8388 ± 0.0071 0.8278 ± 0.0156 0.7723 ± 0.0268 0.7936 ± 0.0231
Random Forest 0.8485 ± 0.0036 0.8524 ± 0.0166 0.7824 ± 0.0219 0.8085 ± 0.0177
GRU 0.6095 ± 0.0147 0.6499 ± 0.0337 0.5493 ± 0.0205 0.5753 ± 0.0241
LSTM 0.6229 ± 0.0300 0.6555 ± 0.0478 0.5601 ± 0.0243 0.5855 ± 0.0335
Hybrid 0.8520 ± 0.0251 0.8446 ± 0.0262 0.8430 ± 0.0251 0.8410 ± 0.0256

4.3 ROC-AUC result and comparison:

Figure 4.2: ROC curve (Catboost). Figure 4.3: ROC curve (Random forest).

Figure 4.4: ROC curve (Lightgbm).

For CatBoost (Figure 4.2), the ROC curve shows quite good performance across all
classes. The AUC scores are 0.93 for Caution, 0.93 for Good, 0.96 for Moderate,
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0.93 for Unhealthy, and 0.99 for Very Unhealthy. All of them indicate a very good
ROC curve.
For Random Forest (Figure 4.3), the ROC curve is also very strong. The AUC scores
are 0.94 for Caution, 0.91 for Good, 0.96 for Moderate, 0.94 for Unhealthy, and 0.99
for Very Unhealthy. This confirms a very good ROC curve across all classes.
For LightGBM (Figure 4.4), the ROC curve shows a very good class separation.
The AUC values are 0.95 for Caution, 0.96 for Good, 0.97 for Moderate, 0.95 for
Unhealthy, and 0.99 for Very Unhealthy. This confirms a strong ROC performance.

Figure 4.5: ROC curve (XGboost). Figure 4.6: ROC curve (SVM).

For XGBoost (Figure 4.5), the ROC curve accuracy is really strong. The AUC
values are 0.94 for Caution and Unhealthy, while Good is 0.96, Moderate is 0.98,
and Very Unhealthy is 0.97. This reflects excellent ROC performance.
For SVM (Figure 4.6), the ROC curve shows moderate to good discrimination.
The AUC scores are 0.83 for Caution, 0.87 for Good, 0.89 for Moderate, 0.89 for
Unhealthy, and 0.84 for Very Unhealthy, which shows that the ROC curve is good
but not excellent.

Figure 4.7: ROC curve (GRU). Figure 4.8: ROC curve (LSTM).
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Figure 4.9: ROC curve (Hybrid).

For GRU Fig. 4.7, the ROC curve demonstrates fair to good performance. The AUC
scores are 0.76 for Caution, 0.83 for Good, 0.87 for Moderate, 0.88 for Unhealthy,
and 0.87 for Very Unhealthy. It shows that the ROC curve is acceptable but weaker
for Caution.
For LSTM Fig. 4.8, the ROC curve shows good performance overall. The AUC
values are 0.87 for Caution, 0.89 for Good, 0.92 for Moderate, 0.93 for Unhealthy,
and 0.86 for Very Unhealthy. This demonstrates that the ROC is good, with slightly
lower performance on Very Unhealthy.
For the Hybrid model Fig. 4.9, the ROC curve is highly accurate. The AUC scores
are 0.96 for Caution, 0.99 for Good, 0.98 for Moderate, 0.96 for Unhealthy, and 0.86
for Very Unhealthy, showing a very good ROC curve, though slightly weaker for
Very Unhealthy.

4.4 Comparison Table

Table 4.4: AUC values for different models and AQI classes.

Model Good Caution Moderate Unhealthy Very Unhealthy
Machine Learning
CatBoost 0.93 0.93 0.96 0.93 0.99
Random Forest 0.91 0.94 0.96 0.94 0.99
LightGBM 0.96 0.95 0.97 0.95 0.99
XGBoost 0.96 0.94 0.98 0.94 0.97
SVM 0.87 0.83 0.89 0.89 0.84
Deep Learning
GRU 0.83 0.76 0.87 0.88 0.87
LSTM 0.89 0.87 0.92 0.93 0.86
Hybrid 0.99 0.96 0.98 0.96 0.86
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4.5 Confusion Matrix result and analysis:

Figure 4.10: Catboost confusion ma-
trix.

Figure 4.11: Random Forest confu-
sion matrix.

Figure 4.12: LightGBM confusion matrix.

In the figure, each row of the matrix represents the true class, while each column
corresponds to the predicted class. Correct predictions are displayed along the
diagonal.
In Fig. 4.10, we can see the CatBoost model shows a very strong predictive accu-
racy across the five air quality categories, especially performing well in identifying
‘Caution’, ‘Unhealthy’, and ‘Good’. But , it sometimes misclassifies more severe
categories as milder categories, such as unclear ‘Very Unhealthy’ with ‘Caution’.
Because some classes have fewer samples the model slightly underestimates severity.
In Fig. 4.11, the Random Forest model displays steady performance, properly pre-
dicting ‘Caution’, ‘Moderate’, and ‘Unhealthy’ categories. Although the model is
reliable, it often underestimates the air quality levels. The ‘unhealthy’ and ‘very
unhealthy’ cases are predicted as ‘caution’. This shows that the model could not do
well with less common classes.
In Fig. 4.12, the LightGBM model performs fairly well, accurately predicting ‘Cau-
tion’, ‘Moderate’, and ‘Unhealthy’ categories but showing lower accuracy in ‘Good’
and ‘Very Unhealthy’. Mostly blunders between nearby severity levels, shows that
the model understands main patterns but has some trouble in separating the cate-
gories clearly.
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Overall, by analyzing the CatBoost model, it gives the best performance, showing
strong accuracy and better difference among air-quality categories. The Random
Forest model comes very close, providing stable but somewhat cautious predictions
that often underestimate high-severity cases. LightGBM works very well, but its
performance is a bit lower and it gets into trouble while there are similar air quality
levels. All the models can improve their performance by balancing their classes,
adjusting the model settings, and improving features, which helps to separate nearby
categories more clearly.

Figure 4.13: SVM confusion matrix.
Figure 4.14: XGboost confusion ma-
trix.

In Fig. 4.13, the SVM classifier is well represented in enumerating the ‘Caution’
and ‘Unhealthy’ categories but has inconvenience with adjoining and less narrated
classes. It often miscategorized average and high-severity categories as safer ones,
representing a conservative aptitude. The lower recall for scarce categories like
‘Very Unhealthy’ is evidence that the model is impressionable to class asymmetry
and overlapping characteristic ambients.
In Fig. 4.14, the XGBoost model unravels rigid and well-balanced alignment perfec-
tion, exactly placing the ‘Caution,’, ‘Moderate’, and ‘Unhealthy’ categories. Most
misclassifications happen between contiguous classes, and while it conducts the or-
dered nature of brutality better than SVM, it still contends with infrequent cate-
gories such as ‘Very Unhealthy’. Its nourished design helps it assume complicated
patterns more successfully.
In general, the XGBoost model omits SVM in classifying air-quality categories, pay-
ing off supreme precision and an improved balance between exactness and retraction.
The SVM model neglects to commit to a secured, less harsh prognosis, which marks
its efficiency in finding troublesome ambiences such as ‘Very Unhealthy’. In contrast,
XGBoost does a better job separating between the categories, though both models
could still be developed by rebalancing the data and enhancing feature separability
to better distinguish brutality levels.
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Figure 4.15: GRU confusion matrix. Figure 4.16: LSTM confusion matrix.

In Fig. 4.15, we can see the GRU model performs well in predicting the ‘Caution’
and ‘Unhealthy’ categories but has faced some difficulties with ‘Moderate’ and ‘Very
Unhealthy’. Offently it guesses the air quality as less serious and predicts severe or
moderate cases as safer ones. So we can assume that it is affected by uneven class
size and same features between nearby categories. It’s useful for the common classes
but faces difficulties in rare and more severe categories.
In Fig. 4.16 LSTM model shows powerful overall performance, accurately identifying
‘Caution,’ ‘Moderate,’ and ‘Unhealthy’ categories. Most mistakes occur in nearby
classes. Shows that the model can learn time patterns even when some categories
overlap. It can still predict some severe cases as less serious, but always balanced
accuracy across most classes and shows that it can learn time based patterns better
than the GRU model.
Overall, the LSTM model works better than the GRU in classifying air quality
levels. Both models can detect common classes but LSTM separates the levels more
accurately and gives a very balanced result. While GRU is fast and sometimes
underestimates severe cases and is more affected by the uneven class size. The
models can be improved by balancing the data and some features to get better
detection in rare and extreme air quality conditions.

Figure 4.17: Hybrid confusion matrix.

In Fig. 4.17, the hybrid model shows the most powerful overall performance, achiev-
ing high accuracy for the ‘Caution,’ ‘Moderate,’ and ‘Unhealthy’ categories, with
most predictions accurately aligned along the diagonal. The good results show that
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the model combines features well and makes better decisions than the individual
models. But it is unlikely it has trouble with the ‘very unhealthy’ category because
there are some samples which are in extreme conditions and most of the mistakes
happen between nearby levels which seems neutral rather than random. Overall,
the model gives balanced and stable predictions, doing better than single models.
Among the eight models, the Hybride model performs the best. The model combines
the capabilities of deep learning, which is responsible for recognizing time patterns
and strong decision making of ensemble methods. The LSTM shows good balance
in accuracy and has the ability to learn from the time-based data.
CatBoost, XGBoost, and Random Forest also perform well, in common air quality
levels, but struggle in the rare and severe cases. Where SVM and GRU often guess
the air quality is less serious but give safer predictions. LightGBM is very fast but
not strong in classifications and gets stuck on similar categories. At last the hybrid
model is the most reliable and adaptable. Making fewer mistakes between nearby
classes and getting high accuracy even if there are some classes that have fewer
samples.

4.6 Explainability with SHAP

4.6.1 Force plot for correctly predicted classes

Unhealthy Class:

Figure 4.18: True class unhealthy predicted class unhealthy

Figure 4.19: True class unhealthy predicted class unhealthy

For Fig. 4.18 and Figure 4.19, base values are 0.55 and 0.54, respectively, which
correctly predict the class as unhealthy. In sample Figure 4.18, CO2 and PM1.0 are
in higher positions, which push the model upwards to the predicted class. Among
them, PM1.0 is more responsible than CO2. On the other hand, for Figure 4.19, PM1,
TVOC, HCHO, and PM10 are in higher positions, which push the model towards
the predicted class. Here PM10 is in the highest position.
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Alternatively, in Fig. 4.18 TVOC, HCHO, and PM10 are in lower positions, which
pull the model downwards to the predicted class; among them TVOC plays a major
role as a decreaser. Moreover, in Figure 4.19, CO2, PM2.5, and PM0.3 pull the model
downwards to the predicted class; among them, CO2 plays a greater role.

Caution Class:

Figure 4.20: True class caution predicted class caution

Figure 4.21: True class caution predicted class caution

For Fig. 4.20 and Figure 4.21, base values are 0.57 and 0.47, respectively, which
correctly predict the class as Caution. In Figure 4.20, HCHO and PM0.3 are in higher
positions, which push the model upwards to the predicted class. Among them, PM0.3

shows a greater length of bar. On the other hand, for Figure 4.21, PM1.0 and PM0.3

are in higher positions, which push the model towards the predicted class. Here
PM0.3 shows a greater length.
Alternatively, in Figure 4.20, CO2, PM1.0, TVOC, PM10, and PM2.5 are in lower
positions, which pull the model downwards to the predicted class; among them,
CO2 and PM1.0 show the largest bar length. Moreover, in Figure 4.21, CO2, HCHO,
PM10, and TVOC pull the model downwards to the predicted class; among them,
CO2 and HCHO play a greater role.

Good Class:

Figure 4.22: True class good predicted class good
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Figure 4.23: True class good predicted class good

For Fig. 4.22 and Figure 4.23, base values are 0.42 and 0.29, respectively, which
correctly predict the class as good. In Figure 4.22, CO2, PM2.5, and PM0.3 are
in higher positions, which push the model upwards to the predicted class. Here,
PM0.3 is more responsible. On the other hand, for Figure 4.23, HCHO is in a higher
position, which pushes the model towards the predicted class.
Alternatively, in Fig. 4.22 TVOC, HCHO, PM1.0, and PM10 are in lower positions,
which pull the model downwards to the predicted class; among them HCHO plays
a major role as a decreaser. Moreover, in Figure 4.23, CO2, PM2.5, PM10, TVOC,
PM1.0, PM2.5, and PM0.3 pull the model downwards to the predicted class; among
them, PM10 plays a greater role.

Moderate Class:

Figure 4.24: True class moderate predicted class moderate

Figure 4.25: True class moderate predicted class moderate

For Fig. 4.24 and Figure 4.25, base values are 0.56 and 0.54, respectively, which
correctly predict the class as moderate. In Figure 4.24, PM10, PM2.5, and PM1.0 are
in higher positions, which push the model upwards to the predicted class. Among
them, PM2.5 is more responsible than CO2. On the other hand, for Figure 4.25,
PM10, TVOC, and HCHO are in higher positions, which push the model towards
the predicted class. Here PM10 is in the highest position.
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Alternatively, in Fig. 4.24, PM1.0, PM2.5, and PM10 are in lower positions, which
pull the model downwards to the predicted class; among them, PM2.5 plays a major
role as a decrease. Moreover, in Figure 4.25, CO2, PM2.5, and PM0.3 pull the model
downwards to the predicted class; among them, CO2 plays a greater role.

Very unhealthy class:

Figure 4.26: True class very unhealthy predicted class very unhealthy

Figure 4.27: True class very unhealthy predicted class very unhealthy

For Fig. 4.26 and Fig. 4.27, base values are 0.60 and 0.37, respectively, which cor-
rectly predict the class as very unhealthy. In Fig. 4.26, HCHO, PM2.5, PM10, and
TVOC are in higher positions, which push the model upwards to the predicted class.
Among them, TVOC shows a greater length of bar. On the other hand, for Fig-
ure 4.27, HCHO and CO2 are in higher positions, which push the model towards
the predicted class. Here CO2 shows a greater length.
Alternatively, in Fig. 4.26, CO2 and PM0.3 are in lower positions, which pull the
model downwards to the predicted class; among them, CO2 shows the largest bar
length. Moreover, in Fig. 4.27, PM1.0, PM0.3, PM10, and TVOC pull the model
downwards to the predicted class; among them, PM1.0 plays a greater role.//

4.6.2 Force plot for error prediction

Very Unhealthy:

Figure 4.28: True class very unhealthy predicted class caution
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Figure 4.29: True class very unhealthy predicted class caution

For Fig. 4.28 and Fig. 4.29, model outputs are 0.51 and 1.22, respectively, and
predict the class caution, but the true class is very unhealthy. In Fig. 4.28, TVOC
and PM0.3 are in higher positions, which push the model upwards to the predicted
class. On the other hand, for Fig. 4.29, PM1.0, PM10, and HCHO are in higher
positions, which push the model towards the predicted class. Here PM10 shows a
greater magnitude.
Alternatively, in Fig. 4.28, CO2, PM1.0, HCHO, and PM10 are in lower positions,
which pull the model downwards to the predicted class; among them, PM10 shows
the largest magnitude. Moreover, in Fig. 4.29, CO2 and PM2.5 pull the model down-
wards to the predicted class; among them, CO2 shows a greater magnitude.

Unhealthy class:

Figure 4.30: True class unhealthy predicted class good

Figure 4.31: True class unhealthy predicted class caution

For Figure 4.30 and Figure 4.31, model outputs are 3.81 and 1.92, with predicted
classes ‘good’ and ‘caution’, respectively, but the true class is unhealthy. In Fig-
ure 4.30, TVOC, PM1.0, CO2, and PM2.5 are in higher positions, which push the
model upwards to the predicted class. On the other hand, for Figure 4.31, HCHO,
CO2, PM2.5, PM10, TVOC, and are in higher positions, which push the model to-
wards the predicted class. Here PM1.0 shows a greater magnitude.
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Alternatively, in sample Figure 4.30, HCHO and PM10 are in lower positions, which
pull the model downwards to the predicted class; among them, HCHO shows the
largest magnitude. Moreover, in Figure 4.31, PM0.3 pulls the model downwards to
the predicted class; among them, HCHO shows a greater magnitude.

Caution class:

Figure 4.32: True class caution predicted class unhealthy

Figure 4.33: True class caution predicted class good

For Figure 4.32 and Figure 4.33, model outputs are 0.51 and 0.53, with predicted
classes unhealthy and good, respectively, but the true class is caution. In Figure 4.32,
TVOC, HCHO and PM2.5 are in higher positions, which push the model upwards
to the predicted class. On the other hand, for Figure 4.33, PM0.3, PM10, TVOC,
and CO2 are in higher positions, which push the model towards the predicted class.
Here CO2 shows a greater magnitude.
Alternatively, in sample Figure 4.32, CO2, PM0.3, PM0.3, PM1.0, and PM10 are in
lower positions, which pull the model downwards to the predicted class; among
them, PM10 shows the largest magnitude. Moreover, in Figure 4.33, HCHO, PM10,
and PM2.5 pull the model downwards to the predicted class; among them, HCHO
shows a greater magnitude.

Moderate class:

Figure 4.34: True class moderate predicted class caution
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For Figure 4.34, the model output is 0.72 with prediction caution, but the true class
is moderate. PM10, CO2, and PM2.5 are in higher positions, which push the model
upwards to the predicted class. CO2 shows the highest magnitude.
Alternatively, TVOC, HCHO, and PM0.3 are in lower positions, which pull the model
downwards to the predicted class; among them, TVOC shows the largest magnitude.

Good class:

Figure 4.35: True class good predicted class caution

For Figure 4.35, the model output is 0.44 with prediction caution, but the true class
is good. HCHO is in a higher position, which pushes the model upwards to the
predicted class.
Alternatively, PM2.5, PM1.0, PM10, CO2, and PM0.3 are in lower positions, which
pull the model downwards to the predicted class; among them, PM0.3 shows the
largest magnitude.
Analysis: The error prediction occurs for feature overlap, marginal pollutant differ-
ences, and competing positive–negative contributions. However, the class imbalance
is the main issue for the model error prediction.
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Chapter 5

Discussion

5.1 Model Behavior Interpretation
The reason for the better performance in ML models, Gradient boosting models such
as CatBoost,LightGBM and XGBoost performed better because they learn from
their previous tree mistakes, which helps them to become more accurate,faster and
efficient and also can handle complex pollutant patterns effectively. The LightGBM
model grows trees leaf by leaf. On the other hand CatBoost uses balanced trees,
both models allowing to capture small but effective relationships between pollutant
levels and AQI categories. The regularization and the early stopping part helped
to prevent overfitting, which is very much important because sometimes air quality
data can have sudden changes or noisy readings. Besides, the random forest model
worked well by using randomization to create diverse trees, which guides to reduce
error and keeps the result stable without overfitting.
The key features like PM2.5, PM10, CO and other gases played a vital role in pre-
dicting the AQI. All the tree based models effectively split nodes using the most
informative features to separate AQI classes. SVM performed well when the data
was balanced and the feature was scaling properly, it could not capture the non
linear relationship as the boosting models did.
The reason for the lower performance in ML models, SVM had faced trouble while
handling complex relationships between pollutant features, even when it was using
the RBF kernel. The model also has some issues regarding scaling and outliers,
meaning very high or uneven values of pollutants make it harder to find the best
separating line between class to class.
For the deep learning models, LSTM(0.71) performed better than GRU(0.59) and
our hybrid model combining features performed the best(0.87). The main reason for
LSTM better performance is better than GRU because its memory cells and three
gates helped it to remember both long term and short term patterns in the dataset.
On the other hand, the Hybride model is the combination of deep learning and
ML, the deep learning part is used for feature embeddings and the ML part is used
for refined classification. This allows it to capture complex patterns and improve
its accuracy. Both LSTM and hybrid models can capture time based variations in
pollutants, such as sudden spikes or gradual changes in PM2.5 and CO levels. GRU
has a simple structure and struggles with longer dependencies.
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5.2 Implications for Students
By knowing the Air Quality Index (AQI) and the pollutant levels, all the students
can take some necessary steps to protect their health, such as wearing masks and
using air purifiers when the air quality is poor. Also, they can plan their daily activ-
ities wisely by avoiding outdoor exercise and choosing cleaner times for walking. For
students this system helps them to understand real-world pollution patterns and can
apply predictive models. Overall, it increases health awareness, makes them more
efficient in their daily planning and inculcates environmentally responsible habits
among students. In short, it can be said that AQI forecasts can be used by students
to stay healthy and practical insights can be gained by them from data-driven mod-
els.

5.3 System Flexibility
The AQI prediction system is flexible and can be used in different campuses or in
other urban areas with a minimal change. Collecting air quality data from locals,
the models can be restrained to match the specific pollution patterns of each loca-
tion. Our system also allows for adding new sensors to cover a larger area and can
handle different types of pollutants in different environments. The daily planning
suggestions can be customized based on local preference. Models like LightGBM,
CatBoost, LSTM can quickly adapt to new data, ensure accurate predictions and
very useful recommendations wherever it is deployed.
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Chapter 6

Limitations

Even though the study had encouraging findings, different limitations confine its
scope and ought to be taken into consideration. These involve the dataset, model
choice, system design, and ethics.

6.1 Data Limitations
The dataset was constrained in terms of geographic area and pollutant coverage.
Though the MT15 sensor measured primary indicators such as CO2, CO, TVOC,
HCHO, and particulate matter (PM0.3, PM1.0, PM2.5, PM10), it did not measure
other vital pollutants such as O3, NO2, or SO2, required for comprehensive air
quality forecasting. Also, data were restricted to a single institutional campus and
thus had regional and context-specific bias. Consequently, the findings would not
be extendable to rural areas or to urban areas with other pollution sources.
Issues related to devices were also problematic. Although the MT15-Tuya was cal-
ibrated to reference-grade monitors, consumer-grade sensor architecture had the
potential to introduce noise and variability in measurements. The disproportionate
allocation of samples to monitoring locations was a basic limitation as well. For ex-
ample, certain areas such as basements and traffic paths yielded more results than
other less-traveled places such as rooftops or washrooms. This caused uneven data
representation in spatial categories and hence unbalanced inputs for classification.
Finally, the dataset was small in size (1,637 samples), which restricted more data-
hungry models such as GRU and LSTM from delivering their optimal performance
because these structures are known to require larger datasets to generalize effectively.

6.2 Model Limitation
• Class imbalance

• Limitation of tuning

• Data overfitting risk

The suggested hybrid deep-learning and ensemble method boosts predictive power at
the expense of generalization, interpretability, and simplicity. Future research should
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concentrate on utilizing explainability tools (like SHAP), incorporating tabular-
specific architectures (like transformer-based or attention-based tabular models),
and implementing joint optimization or adaptive ensemble weighting techniques.

6.3 Explainability Constraints
Model explainability was examined with SHAP (Random Forest) and LIME (SVM).
Even though these models recognized influential features such as PM2.5 and CO2,
they were not without their restrictions. Their computational complexity limited
experiments on big data interpretability, and their outputs frequently disagreed. For
example, SHAP and LIME occasionally provided inconsistent explanations for the
same sample, creating interpretability stability issues. Additionally, the technical
nature of these explanations makes them difficult for non-technical stakeholders
(e.g., students, policymakers) to readily understand.

6.4 System Constraints
The models were tested and demonstrated in a research environment through Jupyter
Notebooks. No attempt was made to implement them as part of an actual real-time
application, e.g., a web interface or mobile app. The research is thus overwhelm-
ingly proof-of-concept and thus is not yet capable of facilitating continuous public
monitoring or decision aids.

6.5 UX Limitations
Although graphical outputs such as plots, confusion matrices, and rankings of feature
importance were produced, there was no documented user experience (UX) testing.
The end-user needs (students, instructors, or environmental managers) were not
stated explicitly, i.e., usability and understandability of output are untested. Fur-
thermore, the output and documentation were English only, which closed off access
to non-English users.

6.6 Ethical and Generalization Concerns
The study deliberately avoided issuing medical or health recommendations, as that
is outside its mandate and ethical boundaries. Forecasting was restricted to AQI
classes only. AQI criteria are also different geographically—Bangladesh DOE grades
differ from US EPA or WHO standards—which raises issues regarding the outcome’s
generality in other regulation domains. Finally, although ethical clearance was ob-
tained for monitoring on campus, conducting such studies on larger public areas
would require more stringent ethical and privacy regulations to protect people and
communities.
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Chapter 7

Conclusion and Future Work

Air is one of the most essential elements of life, but its quality is dropping day
by day because of human activities and natural calamities. Therefore, air quality
monitoring has become a global issue. In this paper, we have trained an Air Qual-
ity Index (AQI) classifier with different machine learning algorithms and modified
it with explainability techniques such as SHAP such that the predictions are ex-
plainable and trustworthy. The results showed that machine learning models like
CatBoost, LightGBM, Random Forest, and their mix outperformed neural network
models remarkably. Of these, the hybrid model achieved the highest overall accu-
racy, precision, and F1-score.
Our explainability analysis revealed that PM2.5, PM0.3, CO2, HCHO, and TVOC
were the most significant pollutants for predicting AQI categories. This reflects the
influence of both particulate matter as well as gas-type pollutants on air quality.
This finding not only confirms that our model performs effectively but also pro-
vides environmental agencies with helpful insights to focus on the most dangerous
pollutants.
Apart from our success, there were a few limitations in the study, including biased
representation of high AQI values, limited data to particular areas and time periods,
and computational costs of calculating rich explanations. A growing datasets from
different geographic areas and time periods, combining real-time sensor data for
continuous monitoring, creating user-friendly dashboards, and mobile apps offering
accessible forecasts and health warnings will be required in the future to overcome
these limitations.
In conclusion, the combination of explainable AI and machine learning is a strong
approach to building such intelligent and reliable air quality monitoring systems.
These measures have the potential to provide the opportunity to take necessary
measures to protect the environment and human health against the harmful effects
of air pollution.
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