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ABSTRACT

Air pollution, particularly particulate matter, poses significant health and
environmental risks. Conventional particulate matter measurement systems provide
only single-point instantaneous readings, limiting their ability to generate spatial
distribution maps. This study applies machine learning techniques to estimate
particulate matter distribution using data from a limited number of sensor nodes. The
sensors collected data on PM1.0, PM2.5, and PM10 concentrations, alongside weather
parameters (wind speed, temperature, humidity) and spatial information (longitude,
latitude). Various machine learning models, including Artificial Neural Networks,
Support Vector Regression, Long Short-Term Memory, and Random Forest, were
evaluated for particulate matter distribution prediction. The analysis revealed that
Artificial Neural Networks consistently outperformed other models across various
feature configurations for predicting particulate matter concentrations. When
considering only geometric features (Euclidean_D and Orientation), the Artificial
Neural Networks model achieved training scores ranging from 0.9746 to 0.9790
(with features: wind speed, temperature, geometric features) for PM1.0 prediction.
Similar trends were observed for PM2.5 and PM10, with Artificial Neural Networks
training scores between 0.9766 (geometric features only) and 0.9805 (humidity,
geometric features) for PM2.5, and 0.9792 (geometric features only) to 0.9798 (wind
speed, temperature, geometric features) for PM10. Validation R2 scores remained
impressive for Artificial Neural Networks, ranging from 0.9711 to 0.9756 (PM1.0),
0.9692 to 0.9789 (PM2.5), and 0.9775 to 0.9793 (PM10) under the respective
particulate matter scales feature combinations. For generalizability on unseen data,
Artificial Neural Networks also achieved the highest average prediction accuracy,
exceeding 75% consistently across all feature combinations for PM1.0, PM2.5, and
PM10 concentrations within a 160-meter radius from a central sensor. Further, the
findings revealed that incorporating the weather parameters significantly improved
model performance, reducing both RMSE and MAE. Specifically, PM1.0 RMSE
decreased from 1.8719 µg/m3 to 1.7201 µg/m3, and MAE from 0.8125 µg/m3 to 0.7952
µg/m3. For PM2.5, RMSE reduced from 2.5260 µg/m3 to 2.2139 µg/m3, and MAE
from 1.1488 µg/m3 to 1.0012 µg/m3. Lastly, PM10 RMSE decreased from 2.231 µg/m3

to 2.143 µg/m3, and MAE from 1.1120 µg/m3 to 1.0037 µg/m3. This research
demonstrates a machine learning-based approach to overcome limitations of single-
point particulate matter sensors and predict particulate matter distribution across a
region. The research results highlight the effectiveness of Artificial Neural Networks,
achieving high accuracy and emphasizing the value of including weather data in model
training for improved particulate matter distribution prediction. The proposed approach
offers a practical solution for real-world air quality monitoring by enabling data-driven
decision-making in pollution management, optimizing sensor placement strategies, and
facilitating more accurate identification of pollution hotspots for targeted interventions.
The study findings suggest a new approach to designing particulate matter sensors,
overcoming limitations of single-point measurement, and emphasize the importance of
including weather parameters in machine learning model training for spatial
distribution prediction.
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ACRONYMS AND ABREVIATIONS

ANN Artificial Neural Network

AMQ Air Quality Monitoring

CNNs Convolutional neural networks

GBMs Gradient boosting machines

GP Gaussian Processes

IDW Inverse Distance Weighting

IoT Internet of Things

LSTM Long Short-Term Memory

MAE Mean Absolute Error

ML Machine Learning

PM Particulate Matter

PM1.0 Particulate Matter ≤ 1.0 µm

PM2.5 Particulate Matter ≤ 2.5 µm

PM10 Particulate Matter ≤ 10 µm

PoI Point of Interest

R2 Coefficient of Determination

RBF Radial basis function

RF RandomForest

RMSE Root Mean Squared Error

RNNs Recurrent neural networks

SVR Support Vector Regression

VOCs Volatile organic compounds

WiFi Wireless Fidelity

WHO World Health Organization
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CHAPTER ONE: INTRODUCTION

1.1 Research Background

Air pollution, characterized by the presence of particulate matter (PM) in the atmosphere,

poses a significant global threat to health and the environment (Manisalidis et al., 2020a;

Schraufnagel, 2020; Mukherjee and Agrawal, 2018). PM encompasses microscopic solid

and liquid particles suspended in the air, with detrimental effects on human health,

ecosystems, and climate (Thangavel et al., 2022; Ukaogo et al., 2020).

These particles originate from diverse sources such as industrial emissions, vehicle

exhaust, biomass burning, and dust (Ukaogo et al., 2020). PM is classified into three

main scales including; PM10, PM2.5, and PM1.0. PM10 includes particles with a

diameter of 10 micrometers or smaller, PM2.5 includes even finer particles with a

diameter of 2.5 micrometers or smaller, and PM1.0 consists of the smallest and most

respirable particles, with a diameter of 1.0 micrometer or smaller (Abulude et al., 2022;

Alfano et al., 2020a).

Their small size allows them to penetrate deep into the respiratory system, causing

serious health risks upon inhalation such as respiratory and cardiovascular diseases

(Manisalidis et al., 2020a; Crinnion, 2017; Kelly and Fussell, 2015). Given these health

implications, accurate measurement of PM concentrations with high degree of spatial-

temporal resolution should be key consideration in deployment of PM monitoring

stations.

Conventional particulate matter (PM) measurement systems typically rely on single

spatial point measurements, neglecting the mapping of PM spatial distribution. Obtaining

geo-spatial PM data often requires deploying multiple monitoring stations, which can be

expensive and logistically challenging when high spatial resolution and high accuracy

estimates are required. Interpolation methods have been utilized to estimate PM
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distribution within regions of interest based on sensor measurements (Choi and Chong,

2022; Li et al., 2014, 2015). However, existing methodologies often overlook the

complex relationships between environmental factors (wind speed, temperature, and

humidity) and the spatiotemporal distribution of PM concentrations (Giordano et al.,

2021; Li et al., 2022; Narayana et al., 2022; Sabir et al., 2024; Shiferaw et al., 2023).

Integrating these environmental parameters into PM distribution models is important, yet

challenging due to their complex interplay. Developing practical analytical models that

incorporate these environmental factors remains a formidable task.

The adoption of Internet-of-Things (IoT) systems for particulate matter (PM) monitoring

has revolutionized air quality assessment by enabling real-time data collection and

remote accessibility. Low-cost PM sensors, such as optical particle counters and laser-

based scattering sensors, have significantly enhanced the feasibility of deploying dense

sensor networks for improved spatial and temporal monitoring of air pollution (Munir et

al., 2019; Narayana et al., 2022). These sensors provide cost-effective alternatives to

conventional gravimetric and beta attenuation monitoring techniques, which are often

expensive and geographically sparse.

However, a common limitation of low-cost PM sensors is their susceptibility to

environmental interferences, including humidity and temperature variations, which can

affect measurement accuracy (Hagan et al., 2018). This limitation necessitates the

virtualization of PM monitoring techniques through data-driven approaches, such as

machine learning (ML) models, to enhance accuracy and reliability. ML technologies

facilitate sensor calibration, error correction, and spatiotemporal PM estimation by

integrating diverse environmental variables (Guo et al., 2022a; Liang et al., 2020). By

leveraging ML-driven approaches, IoT-based PM monitoring systems can improve air
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pollution mapping, ensuring more precise assessments of PM exposure levels across

different regions.

Further, while previous studies (Chen et al., 2021; Guo et al., 2022b; Liang et al., 2020;

Mehmood et al., 2022; Méndez et al., 2023; Rybarczyk and Zalakeviciute, 2018; Sharma

et al., 2021; Zaman et al., 2021) successfully utilized machine learning models to capture

air quality patterns and predict pollutant concentrations, they often faced limitations due

to the data used. These studies primarily relied on data collected from individual

monitoring stations or small geographic regions. This localized approach presents two

key challenges. First, the generalizability of predictions is limited. Because the models

are trained on data from specific locations, their accuracy can suffer when applied to

broader areas. Extrapolating from a single point to a larger region fails to capture the

important spatial variations in air quality that exist across landscapes. This can lead to

the creation of misleading pollution maps that do not accurately reflect the true

distribution of pollutants.

Second, there is an incomplete understanding of how different machine learning models

perform under various factors. Current research has not explored how model

effectiveness changes with the inclusion of diverse data points. This includes individual

or combined meteorological parameters (wind speed, humidity, temperature) and spatial

factors like topography or land cover. Hence, a more comprehensive understanding is

crucial for identifying the best machine learning models for specific air quality

prediction scenarios. Furthermore, existing research has limitations.

While some studies utilize feature engineering to capture complex pollution distributions

based on localized measurements (Sabir et al., 2024; Shiferaw et al., 2023; Li et al.,

2022), none have focused on feature engineering based on the separation distances

between PM monitoring stations within a network. This presents a gap in knowledge, as
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the distance between sensors likely influences the model’s ability to predict PM

distribution across an area.

This research addresses these limitations in air quality prediction by incorporating a

wider range of environmental data into the models. This approach leads to more robust

and generalizable models that account for the complex interplay between pollutants,

weather conditions, and spatial variations.

Recent advancements in machine learning (ML) have shown significant promise in

addressing the challenges of air quality monitoring and spatial distribution estimation of

PM, (Guo et al., 2022a; Liang et al., 2020; Mehmood et al., 2022; Méndez et al., 2023;

Rybarczyk and Zalakeviciute, 2018; Sharma et al., 2021; G. Zhang et al., 2018a). This

study investigates the potential of four prominent ML models for predicting PM

concentrations: Long Short-Term Memory (LSTM) networks, Artificial Neural

Networks (ANNs), Support Vector Regression (SVR), and Random Forest (RF) models.

LSTMs are particularly well-suited for analyzing the time-series nature of PM

concentration data, allowing them to learn from sequential patterns and improve

prediction accuracy (Chen et al., 2021; Xu et al., 2022; Zhang et al., 2018b). ANNs are

known for their adaptability and ability to capture complex relationships within data,

making them a valuable tool for modeling air quality, as demonstrated in studies focused

on PM prediction (Goulier et al., 2020). SVR models have proven effective in capturing

non-linear relationships between variables, a crucial aspect of air quality modeling due to

the complex interplay between pollutants, weather conditions, and spatial variations

(Kshirsagar and Khare, 2023; Sánchez et al., 2011).

Finally, Random Forest models are recognized for their robustness to noise in data and

their ability to handle high-dimensional datasets, which are common characteristics of air

quality monitoring data (Saragih and Mazdadi, 2023; Tella et al., 2021; Zamani
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Joharestani et al., 2019). By evaluating the performance of these four distinct ML models,

this study aims to identify the most effective approach for incorporating a wider range of

environmental data into air quality prediction models.

The study developed an integrated machine learning approach to predict the spatial

distribution of PM within a specified radius. This approach utilized data from limited

local sensor measurements, including PM concentrations of various sizes (PM1.0, PM2.5,

and PM10) alongside important environmental parameters like wind speed, temperature,

and humidity. Additionally, the sensor network incorporated data on each sensor's

separation distance (Euclidean_D) and Orientation relative to a central sensor node.

The analysis of the complex relationships between PM concentrations, weather patterns,

and sensor location provides valuable insights not only for improving air quality models

but also for real-world applications. Environmental watchdogs can leverage this

approach to remotely locate PM sources. Through understanding how PM concentrations

vary with weather patterns and sensor location, these groups can identify areas with

potentially high emissions. This information can then be used to quantify emissions and

set more effective permissible emission limits, ultimately leading to better air quality

management strategies.

1.2 Problem Statement

Air pollution, specifically particulate matter (PM), is a major threat to human health and

the environment. PM is a complex mixture of tiny particles and droplets suspended in the

air, and its size, composition, and concentration can vary greatly. Understanding and

monitoring PM levels are essential for evaluating air quality, reducing health risks, and

implementing effective pollution control. However, current PM monitoring systems have

significant limitations. They typically rely on single-point measurements taken at

specific locations. This approach provides limited spatial coverage and fails to capture
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how PM concentrations change across an area. This makes it difficult to identify

pollution sources and develop targeted control strategies.

Additionally, existing monitoring networks are often sparse, leaving large data gaps,

especially in wider regions. This hinders accurate air quality assessment and makes it

challenging to map PM distribution without taking independent measurements in many

locations. Deploying dense networks of low-cost PM sensors can be expensive,

logistically complex, or impractical due to safety concerns or limited accessibility. While

machine learning (ML) models have shown promise in predicting PM concentrations,

past research has focused on their instantaneous accuracy without exploring their ability

to infer spatial information based on proximity to a reference point. This limits the ability

to fully utilize ML models for accurate spatial analysis.

Furthermore, current ML model research has limitations in exploring how the distance

between monitoring stations affects model accuracy, how incorporating distance-based

features and weather data during training can improve performance, and the relationship

between feature importance in ML models and the separation distance between

monitoring stations. Therefore, the primary objective of this study was to develop a PM

sensing system that goes beyond the limitations of single-point monitoring, addresses

data gaps, explores the spatial capabilities of ML models, and leverages reference sensor

nodes for accurate spatial inference of PM distribution. This research sought to bridge

these gaps and contribute valuable insights to air quality assessment and management,

ultimately leading to more effective monitoring and control of particulate matter

pollution.
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1.3 Purpose of the Study

The purpose of this research was to apply machine learning models, using limited sensor

data and weather parameters, to estimate the spatial distribution of particulate matter air

pollution.

1.4 Research Objectives

1.4.1 Main objective

The primary objective of this research is to apply machine learning models for the

estimation of particulate matter pollutants in air and infer their spatial distribution within

a specified radius.

1.4.2 Specific objectives

i. To design an Internet of Things (IoT)-enabled sensor system for accurate

measurements of particulate matter concentrations, spatial data (Latitude and

Longitude), and meteorological parameters (Wind speed, ambient Temperature,

and Humidity) at multiple spatial points.

ii. To evaluate machine learning models, including Long Short-Term Memory

(LSTM), Artificial Neural Networks (ANN), Support Vector Regression (SVR),

and RandomForest, for predicting the spatial distribution of PM pollutants.

iii. To assess the impact of integrating meteorological parameters (Wind speed,

Temperature, and Humidity) as input features in training machine learning

models for predicting the spatial distribution of particulate matter concentration

within a specified geographic area, using limited local measurements.

1.5 Justification of the Study

One major limitation addressed is the reliance on single-point monitoring, a widely used

but inadequate approach (Alfano et al., 2020a; Ardon-Dryer et al., 2020; Bucek et al.,

2021; deSouza et al., 2020; Wallace & Hopke, 2022). This method provides a limited
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view of PM distribution, hindering the identification of pollution sources and the

development of targeted control strategies. This study proposes a novel approach that

goes beyond single-point monitoring, offering a more comprehensive understanding of

PM distribution.

Furthermore, the study addresses the issue of sparse monitoring networks, a common

problem leading to data gaps and hindering accurate air quality assessments across large

areas. The research explores an IoT-enabled sensor system designed for dense data

collection at multiple spatial points. This approach promises to fill data gaps and provide

a deeper understanding of PM distribution patterns, ultimately improving air quality

management decisions.

This research also delves into a previously unexplored area: the spatial capabilities of

machine learning models for PM prediction. By systematically examining this aspect, the

study offers valuable insights into how ML models can be effectively used for spatial

inference. This knowledge can revolutionize air quality modeling and forecasting,

enabling more accurate and localized assessments.

The study emphasizes the importance of incorporating weather data, such as wind speed,

temperature, and humidity, into ML model training. This integration leads to more robust

and accurate predictions by considering the influence of weather on pollutant dispersion.

This knowledge offers valuable insights to researchers seeking to understand the factors

influencing PM distribution.

The study's findings hold significant value for various stakeholders. Environmental

watchdogs can leverage the identified pollution hotspots to target awareness campaigns,

fostering community engagement in advocating for cleaner air. Policymakers can utilize

the data to identify pollution hotspots for resource allocation and targeted Air Quality

Management strategies. This data-driven approach fosters effective air quality policies
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based on objective evidence and strengthens efforts to push for stricter regulations.

Furthermore, the study demonstrates the potential for cost-effective solutions using

limited sensor nodes and ML, a valuable insight for policymakers seeking efficient

monitoring networks. Researchers benefit from established performance benchmarks that

guide future research and continuous advancements in PM prediction.

1.6 Significance of the Study

This study addresses critical gaps in air quality monitoring by developing a machine

learning framework to estimate particulate matter (PM) spatial distribution using a

limited number of sensor nodes, providing a cost-effective alternative to dense sensor

networks. The integration of meteorological parameters (wind speed, temperature,

humidity) and geometric features (Euclidean distance, orientation) enhances the

understanding of how environmental factors influence PM dispersion. The demonstrated

superiority of Artificial Neural Networks (ANNs) over other models offers valuable

insights for optimizing air quality predictions, particularly in resource-constrained

regions. The findings support policymakers in identifying pollution hotspots, optimizing

sensor placement, and designing targeted mitigation strategies. Additionally, the study’s

IoT-enabled sensor system and open-source Python implementation on Google Colab

improve reproducibility, offering a scalable template for global air quality management

and promoting advancements in smart environmental monitoring technologies.

1.7 Scope of the Study

This research focuses on predicting PM1.0, PM2.5, and PM10 concentrations within a

160-meter radius of a central sensor node at Meru University of Science and Technology,

Kenya. It evaluates four machine learning models (ANNs, SVR, LSTM, Random Forest)

using time-series data from IoT sensors, including PM measurements, GPS coordinates,

and meteorological parameters. The scope encompasses preprocessing techniques
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(median filtering, categorical encoding), feature engineering (Euclidean distance

calculations, orientation encoding), and model validation via R², RMSE, and MAE

metrics. While the study emphasizes spatial distribution, it does not address long-term

temporal trends or chemical composition analysis of PM.

1.8 Limitations and Delimitations of the Study

1.8.1 Limitations of the study

i. Sensor Accuracy. Reliance on low-cost PMS5003 sensors may introduce

measurement biases under high humidity or extreme temperatures, affecting

model inputs.

ii. Geographic Specificity. Data collection was limited to a single university

campus, potentially reducing generalizability to regions with divergent

topography or emission sources.

iii. Temporal Constraints. The three-week data collection period may not capture

seasonal variations in PM concentrations or weather patterns.

iv. Model Generalizability.While ANNs outperformed other models, their efficacy

in hyper-dense urban or remote rural settings remains untested.

1.8.2 Delimitations of the research

i. Model Selection. The study focused on ANNs, SVR, LSTM, and Random Forest,

excluding emerging architectures like transformers or graph neural networks.

ii. Feature Prioritization. Weather parameters were restricted to wind speed,

temperature, and humidity; other factors (e.g., precipitation, solar radiation) were

excluded.

iii. Spatial Resolution. Analysis was confined to a 160-meter radius, avoiding

broader-scale regional PM transport dynamics.
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iv. Data Preprocessing. Median filtering was prioritized for noise reduction, while

alternative methods (e.g., wavelet transforms) were not explored.
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CHAPTER TWO: LITERATURE REVIEW

2.1 Introduction

This chapter reviews existing literature on air quality monitoring and particulate matter

(PM) concentration estimation. It explores the health effects of different PM types,

environmental factors influencing air pollution (wind speed, direction, temperature,

humidity), and spatial distribution techniques (kriging, inverse distance weighting,

Gaussian processes) for PM concentration estimation. The chapter also discusses sensor

technology, sensing principles and limitations, and the application of machine learning

models for air quality prediction. It explores integrative approaches combining sensor

technology with machine learning for enhanced monitoring and synthesizes key findings

from the literature to identify research gaps, justifying this study.

2.2 Particulate Matter and its Health Implications

Particulate matter (PM) is a complex mixture of tiny solid particles and liquid droplets

suspended in the air. These particles come in a surprising range of sizes, compositions,

and origins. Scientists categorize PM based on size, with the most studied categories

being PM10 (particles with a diameter of 10 micrometers or less), PM2.5 (particles with

a diameter of 2.5 micrometers or less), and PM1.0 (particles with a diameter of 1.0

micrometers or less) (Manisalidis et al., 2020b; Stanek and Brown, 2019; Ukaogo et al.,

2020). Notably, a human hair is roughly 70 micrometers in diameter (Yang, et al., 2017),

so PM2.5 and finer particles are incredibly small.

The sources of PM are equally diverse, originating from both natural and human

activities. Natural sources include dust storms, wildfires, and volcanic eruptions. Human

activities like combustion processes in vehicles and power plants, industrial emissions,

construction dust, and even cooking with solid fuels contribute significantly to air

pollution (Manisalidis et al., 2020b; Stanek and Brown, 2019).
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The size and composition of PM particles determine the health risks they pose. Fine and

ultrafine particles, particularly PM2.5 and PM1.0, are especially concerning because of

their ability to penetrate deep into the lungs. Once inhaled, these tiny particles can lodge

in the alveoli, the air sacs where gas exchange occurs, and even enter the bloodstream

(Faour et al., 2022; Kelly & Fussell, 2015; Manisalidis et al., 2020b; Sadrizadeh et al.,

2022). This deep penetration has severe health consequences. Short-term exposure to

high PM levels can trigger acute respiratory symptoms like coughing, wheezing, and

shortness of breath. It can also worsen existing respiratory conditions like asthma and

bronchitis (Schraufnagel, 2020; Thangavel et al., 2022; Xing et al., 2016). Perhaps most

alarmingly, long-term exposure to PM has been linked to the development of chronic

respiratory diseases, cardiovascular problems, and even an increased risk of premature

death (Boldo et al., 2006; Larson et al., 2022).

Particulate matter (PM) is a complex air pollutant with a diverse composition. It includes

black carbon, organic compounds, heavy metals, and sulfates, all of which vary

depending on the source. Industrial facilities and vehicle exhaust are major contributors

to PM2.5 and even finer PM1.0, while construction dust and natural sources primarily

release PM10 (Humans, 2016). The specific components of PM play a crucial role in its

toxicity and health effects. Studies have shown that heavy metals and organic

compounds pose a greater health risk than other components (Duffney et al., 2023;

Humans, 2016; Kodzius et al., 2018).

Understanding the health impacts of PM necessitates accurate measurement and

monitoring of its concentration in the air. Traditional methods like gravimetric

techniques and beta attenuation systems have limitations. These methods often rely on

single-point measurements and fail to capture the dynamic variations in PM

concentration across an area (O’Connor et al., 2014; Wang et al., 2016). Fortunately,
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advancements in sensor technology, particularly the rise of Internet-of-Things (IoT)

based PM detection systems, offer significant improvements. These systems provide

real-time data collection and remote monitoring capabilities, allowing for a more

comprehensive assessment of exposure levels and facilitating the implementation of

effective pollution control measures (Hagan et al., 2018; Munir et al., 2019; Narayana et

al., 2022).

2.3 Environmental Parameters and Air Pollution

Environmental factors play a critical role in shaping air pollution dynamics, influencing

the behavior, dispersion, and chemical transformation of pollutants, particularly

particulate matter (PM). Wind speed and direction, ambient temperature, and humidity

are some of the most significant parameters.

Wind patterns are fundamental to understanding how air pollution moves. Wind speed

determines the dispersion and transport of pollutants. High wind speeds can dilute and

disperse pollutants over large areas, reducing their local concentration, but potentially

impacting distant locations (Aldaweesh, 2019; Ventura et al., 2013). Conversely, low

wind speeds allow pollutants to accumulate in specific areas, exacerbating air quality

issues. Wind direction, when considered alongside speed, helps identify pollution

sources and track pollutant trajectories, which is crucial for targeted mitigation strategies

(Lin et al., 2023; Qiao et al., 2022).

Ambient temperature also significantly impacts air pollution. Higher temperatures can

enhance the formation of secondary pollutants like ozone and smog through reactions

involving nitrogen oxides (NOx) and volatile organic compounds (VOCs) (Ventura et al.,

2013; Wallace and Hopke, 2022). Additionally, temperature affects atmospheric stability,

which in turn influences the vertical mixing of pollutants. Stable atmospheric conditions

trap pollutants near the ground, leading to higher concentrations and worsening air
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quality. Conversely, unstable conditions promote vertical mixing, dispersing pollutants

and potentially reducing their concentration at the surface (Ventura et al., 2013).

Further, air quality is not simply dictated by the amount of pollutants present, but also by

how they interact with the surrounding environment. Humidity, for instance, plays a

crucial role in influencing the physical and chemical properties of particulate matter

(PM). High humidity levels can cause hygroscopic growth in PM, meaning particles

absorb water vapor and increase in size (Cheng et al., 2015; Won et al., 2021). This

growth not only affects how quickly particles settle (sedimentation rate) but also their

ability to become cloud condensation nuclei (CCN), influencing local weather patterns

that can further impact air quality. Additionally, the interplay between humidity and PM

can alter the particles' ability to scatter light, thereby affecting visibility and the overall

radiative balance of the atmosphere (Won et al., 2021; Zang et al., 2019).

The influence of weather extends beyond humidity. Wind speed and direction

significantly impact all PM sizes (PM10, PM2.5, and PM1.0) by dispersing and diluting

them. However, this effect is more pronounced for coarser particles like PM10 due to

their larger mass and faster settling rates (Kim et al., 2015; Kwok, et al., 2017). Ambient

temperature also plays a role, particularly for fine PM (PM2.5 and PM1.0). Higher

temperatures generally lead to increased concentrations of these fine particles due to

enhanced photochemical reactions that create them (Hidy, 2019; Huy, 2015; Rxam,

2019). Humidity's interaction with PM is more complex. While it significantly affects

PM2.5 and PM1.0 by promoting hygroscopic growth and altering their composition, its

impact on PM10 is less direct but still influences particle size and deposition rates (Won

et al., 2021; Zhang et al., 2023).
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2.4 Spatial Distribution Inference Techniques

Spatial distribution inference techniques are essential for estimating the distribution of

particulate matter (PM) concentrations across geographical areas, aiding in effective air

quality management and public health protection. Among the commonly utilized

techniques, geostatistical methods such as kriging play a pivotal role. Kriging is a spatial

interpolation method that considers the spatial correlation between sampled points to

estimate values at unsampled locations (Kleijnen, 2017; Sajid et al., 2013). By modeling

the spatial dependence structure, kriging provides estimates of PM concentrations with

uncertainty quantification, making it valuable for generating high-resolution PM

concentration maps (Kleijnen, 2017).

Inverse Distance Weighting (IDW) is another widely applied interpolation technique in

environmental studies, including air quality research. IDW estimates values at

unsampled locations based on the inverse of distances to neighboring sample points,

assuming that closer points have more influence on estimation (Al-husban, 2021;

Maleika, 2020). While IDW is straightforward and computationally efficient, it may

oversmooth or undersmooth PM concentration estimates and does not explicitly account

for the spatial correlation between samples.

Gaussian Processes (GP) offer a probabilistic framework for spatial interpolation that

models the spatial variability of PM concentrations based on observed data points

(Davies et al., 2022; Lutman et al., 2004). GPs are flexible in capturing complex spatial

patterns and provide uncertainty estimates for predicted values, which is crucial for

assessing the reliability of PM concentration maps (Lutman et al., 2004). However,

Gaussian Processes can be computationally intensive, particularly for large datasets, and

require careful parameterization to achieve optimal performance.
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More recent advancements include machine learning approaches for spatial inference of

PM concentrations. Machine learning models, such as neural networks, random forests,

and support vector regression, have been increasingly applied to predict PM distribution

patterns (Ebrahimi-Khusfi et al., 2021; Liang et al., 2020). These models leverage the

relationships between PM concentrations and various spatial predictors (e.g.,

meteorological data, land use) to improve the accuracy of spatial predictions beyond

traditional interpolation methods (Li et al., 2016; Munyati and Sinthumule, 2021; Zhang

et al., 2018b). Machine learning techniques offer the advantage of handling nonlinear

relationships and complex interactions among predictors, enhancing the spatial

resolution and predictive performance of PM concentration maps (Chhajer et al., 2022;

Kim et al., 2022; Wong et al., 2021).

Despite their advantages, spatial distribution inference techniques face challenges,

particularly in regions with sparse monitoring networks or heterogeneous pollutant

sources. The effectiveness of these methods relies on the density and distribution of

monitoring stations, with sparse data potentially leading to biased estimates and

uncertainties in PM concentration maps (P. Kumar et al., 2015; Rohajawati et al., 2024).

Moreover, techniques like kriging and Gaussian Processes assume stationarity in spatial

processes, which may not hold true in areas with diverse landscapes or complex emission

sources, necessitating adaptive approaches for accurate PM mapping (Bronowicka-

Mielniczuk et al., 2019; Munyati and Sinthumule, 2021).

Furthermore, distance-based feature engineering techniques, particularly those involving

spatial coordinates and separation distances between monitoring stations, play a crucial

role in enhancing the accuracy and interpretability of spatial distribution inference

models for particulate matter (PM) concentrations. While existing studies often focus on

incorporating geographical features such as land use or meteorological data into machine
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learning models for PM prediction (Chai et al., 2022; Yu et al., 2023), the direct

integration of spatial distances between monitoring stations has been relatively

overlooked.

One effective approach involves converting spatial coordinates (latitude and longitude)

of monitoring stations into radian degrees and calculating separation distances between

pairs of stations. This method accounts for the actual geographic distance between

monitoring points, which can significantly influence PM dispersion patterns due to local

emission sources, terrain features, and atmospheric conditions (Agramanisti Azdy and

Darnis, 2020; Siahaan, 2017). By including these distance-based features, spatial

interpolation models can better capture localized variations in PM concentrations that

may be missed by traditional interpolation techniques.

Research has demonstrated the efficacy of spatially informed models in assessing PM2.5

concentrations and analyzing pollution patterns near urban traffic sources. For instance,

(Meng et al., 2021) applied a machine-learning-based Spatial Distribution Model (SDC)

to estimate PM2.5 concentrations around residential buildings located in high-traffic

urban areas. This model effectively incorporated proximity to the road as a key feature,

allowing it to capture nuanced horizontal and vertical pollution gradients relative to the

roadway. Through on-site measurements and Computational Fluid Dynamics (CFD)

simulations, the study validated the SDC model, observing a substantial decrease in

PM2.5 levels—from 73 µg/m³ near the road to a consistent range of 40–45 µg/m³ at

further distances and heights. Despite these advances, the study did not incorporate raw

GPS data or degree-to-meter conversions, relying instead on predetermined distances in

meters. Incorporating such geographic coordinates, as well as weather parameters like

temperature, humidity, and wind patterns, could further improve model precision, as

these factors influence pollution dispersion. Expanding spatially informed ML models
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with these data-driven enhancements could significantly strengthen pollution assessment

and urban health planning.

Moreover, distance-based feature engineering complements other geographical attributes

by providing additional context on spatial relationships and connectivity between

monitoring stations. This approach is particularly beneficial in regions with sparse

monitoring networks, where traditional interpolation methods may struggle to accurately

represent PM distribution patterns. By quantifying the spatial separation between

monitoring sites, distance-based features contribute to a more comprehensive

understanding of local-scale PM dynamics and facilitate targeted interventions for air

quality management.

2.5 Sensor Technology and Sensing Principles

Sensor technology for air quality monitoring has undergone significant evolution, driven

by advancements in electronics, materials science, and environmental monitoring

techniques. These developments have led to sensors that are more compact, sensitive,

and capable of real-time data acquisition, essential for monitoring particulate matter (PM)

pollution effectively (Bucek et al., 2021; Karagulian et al., 2019; Kumar and Gurjar,

2019; Molina Rueda et al., 2023). Modern sensors integrate various principles such as

optical scattering, light absorption, and electrochemical sensing to detect PM

concentrations across different size ranges, including coarse (PM10), fine (PM2.5), and

ultrafine particles (PM1.0). These sensors not only provide continuous measurements but

also offer high temporal and spatial resolution, crucial for understanding short-term

fluctuations and spatial variability in PM levels (He et al., 2019; Rosenberg et al., 2012).

The PMS5003 sensor is a notable example of advanced sensor technology used for PM

monitoring. Operating on light scattering principles, the PMS5003 employs a laser light

source to illuminate particles passing through a detection chamber. The scattered light is
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then detected and analyzed to determine the concentration of particles in different size

categories (He et al., 2019). This sensor is preferred for its accuracy in measuring PM2.5

and PM10 concentrations in ambient air, offering real-time data that is essential for

assessing air quality and supporting public health interventions.

Comparatively, traditional PM measurement techniques like gravimetric methods, beta

attenuation monitors (BAMs), and DustTrak monitors have inherent limitations.

Gravimetric techniques involve collecting particles on a filter medium and weighing

them to estimate PM concentrations, but they can be time-consuming and prone to biases

from humidity and particle bounce (O’Connor et al., 2014). BAMs are effective for

PM2.5 measurements but lack sensitivity to ultrafine particles and may be affected by

instrument drift over time (Raja et al., 2016). DustTrak monitors, based on light

scattering, offer real-time measurements but are limited by their lower detection limits

and inability to differentiate particle sizes effectively (Javed and Guo, 2021).

Despite their advancements, current sensor technologies face challenges that impact their

reliability and applicability. These include calibration drift, cross-sensitivity to

environmental factors such as humidity and temperature, and the need for frequent

maintenance to ensure accurate readings (Karagulian et al., 2019). Furthermore, sensors

deployed in outdoor environments must contend with weather-related factors like

precipitation and extreme temperatures, which can affect their performance and

longevity. Addressing these challenges requires ongoing research and development

efforts to enhance sensor robustness, calibration procedures, and data validation

techniques, ensuring the accuracy and reliability of PM measurements for air quality

management and public health protection.
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2.6 Machine Learning Models in Air Quality Prediction

Machine learning (ML) has emerged as a powerful tool in environmental monitoring,

particularly for predicting air quality parameters such as particulate matter (PM)

concentrations. ML models offer the capability to handle complex datasets and capture

nonlinear relationships between environmental variables and pollutant levels. Various

ML techniques have been applied in air quality prediction, including regression models,

neural networks, decision trees, and ensemble methods (Liang et al., 2020; Mehmood et

al., 2022; Rybarczyk & Zalakeviciute, 2018). These models leverage historical data from

monitoring stations to learn patterns and make predictions, enabling real-time assessment

of air quality and supporting decision-making processes.

Regression models, such as linear regression and support vector regression (SVR), are

commonly used for predicting PM concentrations based on meteorological data,

emission sources, and geographical factors (Rybarczyk & Zalakeviciute, 2018; Sánchez

et al., 2011). Neural networks, including deep learning architectures like convolutional

neural networks (CNNs) and recurrent neural networks (RNNs), excel in capturing

complex spatial and temporal patterns in air quality data (Duan et al., 2023). Decision

tree-based methods like random forests and gradient boosting machines (GBMs) are

preferred for their ability to handle nonlinear relationships and feature interactions

effectively (Jiang et al., 2021).

Studies implementing ML for PM concentration estimation have shown promising

results in improving prediction accuracy compared to traditional statistical methods. For

instance, (Xiao et al., 2020) applied a deep learning model to predict PM2.5

concentrations in Beijing, achieving higher accuracy by integrating satellite imagery and

meteorological data. Similarly, (Xiao et al., 2018) utilized ensemble models to predict
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PM2.5 levels in urban areas, demonstrating significant improvements in forecasting

precision.

Despite these advancements, several limitations persist in current ML-based air quality

prediction systems. One critical gap is the insufficient exploration of how the distance

between monitoring stations impacts model accuracy. Distance-based features, such as

separation distances and spatial relationships between sensors, are often overlooked in

model training, potentially limiting the models' ability to generalize across different

geographical settings. Incorporating distance-based features and weather data during

model training could enhance performance by capturing local variations in pollutant

dispersion and meteorological influences more accurately.

Moreover, the relationship between feature importance in ML models and separation

radii between monitoring stations remains underexplored. Understanding which

environmental factors and spatial parameters contribute most significantly to model

predictions can guide the design of more robust air quality forecasting systems. For

instance, (Wang et al., 2024) emphasized the need to integrate spatial context into feature

engineering, showing that including distance-based features improved the interpretability

and predictive power of their ML models.

Hence, while ML models have shown considerable promise in air quality prediction,

addressing these research gaps is crucial for advancing the field. Future studies should

focus on integrating distance-based features, exploring the impact of spatial relationships

on model accuracy, and enhancing the interpretability of ML models in environmental

monitoring applications. By leveraging these insights, researchers can develop more

reliable and effective tools for managing air pollution and protecting public health in

urban and industrial environments.
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2.7 Integrative Approaches for Air Quality Monitoring

Integrative approaches for air quality monitoring encompass methodologies that combine

multiple data sources, technologies, and analytical techniques to provide a

comprehensive understanding of pollutant dynamics and their impacts on human health

and the environment. These approaches aim to overcome the limitations of individual

monitoring methods by integrating diverse datasets and tools, thereby enhancing the

accuracy, spatial coverage, and predictive capabilities of air quality assessments.

One significant aspect of integrative approaches is the fusion of data from different

sensor technologies. For example, combining data from traditional ground-based

monitoring stations with satellite remote sensing enables spatially extensive coverage

and continuous monitoring of air quality parameters such as PM concentrations (Hu et al.,

2011). Satellite data provides valuable information on pollutant transport and spatial

variability, complementing ground-based measurements that offer high temporal

resolution and local specificity (Hu et al., 2011; Martin, 2008).

Furthermore, integrating meteorological data plays a crucial role in understanding

atmospheric processes and their influence on pollutant dispersion. Meteorological

variables such as wind speed, temperature, and humidity affect the transport,

transformation, and deposition of pollutants in the atmosphere (Li et al., 2017). By

incorporating meteorological observations into air quality models, researchers can

improve the accuracy of pollutant concentration predictions and assess the potential

health impacts more effectively (Aldaweesh, 2019).

Another integral component of integrative approaches is the utilization of advanced

modeling techniques, including machine learning and numerical simulation models.

Machine learning models, such as neural networks and ensemble methods, leverage

complex relationships between environmental variables and air quality parameters to



24

enhance predictive accuracy (Li et al., 2021). Numerical simulation models, such as

Computational Fluid Dynamics (CFD) and Chemical Transport Models (CTMs),

simulate pollutant dispersion and transformation processes in the atmosphere, providing

insights into pollutant pathways and source-receptor relationships (Pantusheva et al.,

2022).

Moreover, the integration of citizen science and participatory monitoring initiatives is

increasingly recognized as a valuable approach in air quality monitoring. Citizen

scientists equipped with low-cost sensors contribute real-time data collection across

diverse geographic areas, enhancing spatial coverage and community engagement in air

quality management (Constant, 2018). Integrating these community-based observations

with official monitoring networks can improve the spatial resolution of air quality maps

and provide localized insights into pollution hotspots and exposure risks (Mahajan et al.,

2020).

However, a notable shortcoming of current integrative approaches is their limited

incorporation of distance-based feature engineering in air quality modeling. While these

approaches integrate meteorological parameters, land use data, and emission inventories,

they often overlook the explicit inclusion of spatial distances between monitoring

stations as a predictive feature. The omission of distance-based features may lead to

suboptimal spatial representation of pollutant concentrations, especially in heterogeneous

urban environments where pollutant dispersion can vary widely over short distances as

reported by (Aldaweesh, 2019).

Moreover, despite their integrative nature, current approaches still predominantly rely on

single-point instantaneous readings of particulate matter (PM), which may not capture

the spatial variability of pollutants adequately. This reliance on point measurements

limits the ability to assess pollutant gradients and localized hotspots accurately, which
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are crucial for identifying vulnerable populations and implementing targeted mitigation

strategies.

Therefore, future integrative approaches should prioritize the inclusion of distance-based

feature engineering in air quality modeling frameworks. By incorporating spatial

distances between monitoring stations as predictive variables, these approaches can

better capture the spatial heterogeneity of pollutant concentrations and improve the

accuracy of predictive models. Additionally, efforts to enhance the spatial resolution of

monitoring networks and integrate real-time data streams from multiple sensors could

facilitate more detailed and dynamic assessments of air quality across diverse geographic

areas.

2.8 Summary and Research Gaps

This chapter has explored key aspects of air quality monitoring, focusing on particulate

matter (PM) and its health implications, environmental parameters affecting air pollution

dynamics, spatial distribution inference techniques, sensor technology advancements,

machine learning applications, and integrative monitoring approaches. The review

highlighted significant advancements in sensor technology, such as the PMS5003 sensor,

and their ability to measure PM concentrations with varying precision across different

particle sizes. Additionally, the review addressed the role of environmental parameters

like wind speed, temperature, and humidity in influencing pollutant dispersion and

chemical reactions in the atmosphere.

Research gaps identified throughout this review underscore several areas where current

methodologies and technologies fall short. One notable gap lies in the limited exploration

of how the spatial distance between monitoring stations impacts the accuracy of air

quality models. While studies have incorporated meteorological and geographical
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features, there remains a lack of research on how including distance-based features and

weather data during model training could enhance predictive performance.

Furthermore, the review identified a gap in understanding the relationship between

machine learning model feature importance and the separation distances between

monitoring stations. Exploring these relationships could provide insights into which

environmental factors, influenced by distance, most significantly affect PM

concentrations, thus guiding the development of more effective monitoring and

prediction models.

Moreover, while integrative approaches combining ground-based measurements, satellite

data, and citizen science initiatives show promise, there remains a need for standardized

methodologies to integrate diverse datasets seamlessly. Addressing this gap could lead to

more robust and comprehensive air quality assessments that account for spatial and

temporal variations across different regions.

Additionally, the review highlighted the challenges and limitations of current sensor

technologies, including variability in accuracy and reliability, especially concerning low-

cost sensors. Addressing these limitations through advancements in sensor calibration,

data validation techniques, and quality assurance protocols is crucial for improving the

reliability and trustworthiness of air quality data collected from diverse sources.
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CHAPTER THREE: METHODOLOGY

3.1 Introduction

This section details the methodology employed for predicting the spatial distribution of

particulate matter (PM) concentrations. It encompasses the study site description, a

description of the used PM sensor and Weather data components, data collection and

preparation, preprocessing, machine learning (ML) model exploration, and evaluation.

3.2 The Study Site

The present work was conducted at Meru University of Science and Technology (MUST)

in Kenya. MUST occupies a 600-acre expanse adjacent to a small university town. The

campus is bounded by a moderately trafficked road on one side and a tropical rainforest

on the opposite side. Human settlement abuts the remaining edges of the university

grounds. Highway traffic and other human activities from market, university and

adjacent human settlement are likely sources of PM that were transported to the research

site which was located within the university grounds. Within the university itself, several

factors contribute to PM generation including the campus cafeteria, which caters for a

large student population and staff and utilizes firewood as one source of cooking fuel.

The sketch map in Figure 3.1 illustrates the study site location within the university

environment relative to the nearby highway, surrounding human settlements, and

adjacent forest area.
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Source: Researcher, 2024.

3.3 Sensor System Design and PM Concentration Data Collection Process

The custom-designed sensor system for measuring PM concentration utilized the Internet

of Things (IoT) to log and transmit data to a web server. This system consisted of several

components. The core was an ESP32 microcontroller programmed using Arduino sketch

to control the system logic, including data acquisition and transmission. For PM

concentration measurement, an Optical Particle Counter (PMS5003) was interfaced with

the ESP32 to log PM data in three categories namely PM1.0, PM2.5 and PM10.

Additionally, a GPS module (NEO-6M) captured spatial information in the form of

latitude and longitude. Finally, a weather station kit (SEN-15901) provided weather

parameters consisting of wind speed, temperature, and humidity. A GPS module (NEO-

Figure 3.1

Sketch map of the Study Site-Meru University of Science and Technology.
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6M) was integrated into the system to log GPS coordinates. The collected data was then

transmitted to a designated web server for storage and further analysis using a wireless

GSM and Router.

3.3.1 PMS5003 sensor principles and operation

The PMS5003 sensor is an optical particulate matter (PM) sensor designed to measure

airborne PM concentrations across different size ranges, including PM10 (coarse

particles), PM2.5 (fine particles), and PM1.0 (ultrafine particles) (Dubey et al., 2022;

Khreis et al., 2022). The sensor operates based on the principle of light scattering,

primarily Mie scattering, which occurs when the diameter of the airborne particles is

comparable to or larger than the wavelength of the incident light (Ishimaru, 1997;

Hergert and Wriedt, 2012).

The PMS5003 contains a laser diode that emits a coherent and collimated beam of light

into a detection chamber. When airborne particles pass through the illuminated region,

the incident light interacts with these particles, leading to scattering in different

directions. A photodetector positioned at a specific angle measures the intensity of the

scattered light, and this intensity is used to infer particle concentration and size

distribution (Alfano et al., 2020b; Dubey et al., 2022).

Mie Scattering and Particle Measurement. The PMS5003 sensor relies on Mie theory

to model how light interacts with spherical particles in the detection chamber. Unlike

Rayleigh scattering, which is dominant for particles much smaller than the wavelength of

light, Mie scattering accounts for particles with diameters comparable to or larger than

the laser wavelength (typically in the range of 600–800 nm) (Meyer-Arendt, 1989). Mie

scattering is dependent on several factors, including:

i. The particle radius .

ii. The refractive index of the particle relative to the surrounding medium.
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iii. The wavelength of the incident laser beam.

iv. The scattering angle at which light is detected.

The scattering intensity is determined using the Mie scattering coefficient, which is

derived from Maxwell’s equations and depends on the particle size parameter x, defined

as: , where is the particle radius and is the laser wavelength.

For a single spherical particle, the intensity of scattered light at a given angle is given

by:

(3.1)

where and are the Mie scattering amplitude functions dependent on the

refractive index and size parameter.

Single-Scattering Approximation in the PMS5003. For simplification, the PMS5003

sensor is typically modeled under the single-scattering assumption, where each particle

independently scatters light without multiple scattering events occurring. This

assumption holds when particle concentrations are low enough that secondary

interactions between particles and scattered photons are negligible (Ishimaru, 1997).

Under this condition, the total scattered intensity measured by the photodetector is the

sum of contributions from individual particles.

To estimate particle concentration, the PMS5003 applies a calibration curve based on

empirical data collected from known aerosol samples. The intensity of the detected

scattered light is processed using signal amplification and computational algorithms that

classify particles based on their scattering characteristics.

Comparison with LIDAR-Based Scattering. While Mie theory is also used in LIDAR

applications, the PMS5003 functions as a miniaturized low-power optical scattering

sensor rather than an active remote sensing system. Unlike LIDAR, which typically
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requires complex backscattering equations and range-dependent corrections, the

PMS5003 sensor measures scattering at a fixed angle, assuming a controlled detection

volume.

Figure 3.2 (Modified from (PMS5003 Series Manual by Adafruit Industries LLC

Datasheet | DigiKey, 2024)) illustrates the PMS5003 signal processing flow, which

includes light scattering detection, photodiode signal processing, analog-to-digital

conversion, and final particle concentration estimation based on embedded algorithms.

Source: Researcher, 2024.

As depicted in Figure 3.2, a laser light source interacts with particles passing through its

detection chamber. The scattered light, which is a direct result of this interaction, is

detected by a photodetector within the detection cavity. The scattered light is then

converted to electrical signal. This electrical signal is subsequently sent to an amplifier

which amplifies it for further processing within the microprocessor, employing the

described Mie Theory algorithm. In analyzing the light scattering patterns, the sensor can

differentiate between different-sized particles, with larger particle diameters contributing

more to the scattered light intensity. This enables the sensor to distinguish between

coarse (PM10), fine (PM2.5), and ultrafine (PM1.0) particles based on their respective

Figure 3.2

Flow of laser scattering in PMS5003 Sensor.
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size ranges. The PMS5003 sensor also incorporates a built-in fan that helps to maintain a

continuous and consistent airflow through the detection chamber, ensuring reliable

measurements (Alfano et al., 2020b). The sensor provides real-time data on PM

concentrations, allowing for immediate monitoring and analysis of air quality conditions.

3.3.2 Design of the cloud-based server

On the cloud-based server, a PHP-MySQL database was implemented for data storage

and management. This database logged environmental data (PM1.0, PM2.5 PM10,

Latitude and Longitude) collected from the sensor modules. The server side application

also implemented Google Sheets integration to enable real-time data access and

visualization over the internet.

3.3.3 Data collection process

The data collection process employed a two-part strategy. A stationary central sensor

node (S1) continuously recorded PM concentrations (PM1.0, PM2.5, PM10) and its

location (latitude and longitude) for three weeks, establishing a baseline. Alongside S1,

an IoT-based weather monitoring system was deployed to capture meteorological

parameters essential for the study.

The Weather Station Kit (SEN-15901) was used for weather data collection, measuring

wind speed, temperature, and humidity in real time. This kit integrates multiple sensors

capable of recording temperature, humidity, rainfall, wind speed, and air pressure.

Sensor readings were wirelessly transmitted to a receiver unit, which then relayed the

data to a PC via a USB connection. The PC software processed and stored the incoming

data, enabling continuous monitoring and analysis of weather conditions. This integrated

approach ensured synchronized environmental and air quality data collection, enhancing

the study’s ability to assess PM concentration variations in relation to meteorological

factors.
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To investigate spatial variations in PM concentrations, a separate mobile sensor node (S3)

was moved randomly within the vicinity of S1, collecting the similar data as S1. This

dual approach allowed for real-time data visualization through a cloud-based server.

Figure 3.3 and Figure 3.4 illustrates the system architecture and real-time data

visualization frameworks, respectively. Specifically, Figure 3.4(a) depicts a sample

display for the central sensor node (S1), showcasing sample measurements for PM across

the three scales (PM1.0, PM2.5, PM10) alongside its corresponding location. Similarly,

Figure 3.4(b) displays real-time data for the mobile sensor node (S3), including PM

concentrations and spatial coordinates. The data displays clearly differentiate between

the two sensor nodes (S1 and S3).

Source: Researcher, 2024.

Figure 3.3

Illustration of IoT enabled sensor system for measuring PM concentrations.

(a) Block representation of the IOT-Based PM
Sensor Node

(b) Top View of the IoT-Based Sensor Node
Components
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Source: Researcher, 2024.

Figure 3.3(a) illustrates the system architecture. Figure 3.3(b) focuses on top view of the

hardware components within a single sensor node. Figure 3.4(a) and Figure 3.4(b),

depict real-time data visualizations for the stationary and mobile sensor nodes,

respectively.

3.3.4 Data set preparation and preprocessing

The first preprocessing step involved calculating the separation distances between

mobile and central sensor nodes. This spatial information is vital for understanding how

PM concentrations vary across the sensor network. To compute the separation distance,

the Euclidean distance formula was employed, providing a straightforward and efficient

method for determining the straight-line distance between each mobile sensor and the

central node based on their latitude and longitude coordinates. The Euclidean distance is

a well-known mathematical approach used in various studies related to spatial data

analysis (Behrens et al., 2018; Jones et al., 2010), offering a clear and direct measure of

the spatial separation between two points on a flat surface.

(a) Central Sensor Node Real-Time PM
measurement

(b) Mobile Sensor Node Real-Time PM
measurement

Figure 3.4

Illustration of the IoT enabled sensor system user dashboards.
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Using the Cartesian coordinates and of the central and mobile sensor

nodes, respectively, the Euclidean distance is computed using the distance formula:

(3.2)

Where:

i. ​ and ​ represent the latitude and longitude of the central sensor node.

ii. ​ and ​ represent the latitude and longitude of the mobile sensor node.

The calculated distance in radians is converted to meters by multiplying it by the Earth’s

radius, approximated as meters:

(3.3)

Equation 3.2 was applied as follows:

First, latitude and longitude values were initially measured in degrees so they were

converted to radians, as trigonometric functions in Python operate on radians. The

conversion was performed using the following formulation:

(3.4)

For latitude (denoted here as ) and longitude (denoted here as ):

(3.5)

The orientation or angle between two points is calculated using the arctangent function,

providing the direction of the line connecting the two points relative to the x-axis:

(3.6)

This angle indicates the orientation of the line segment connecting the central and

mobile sensors.
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Here, ​ represents the change in latitude, and ​ represents the change

in longitude.

The angle ​ is then mapped to one of the cardinal directions (East, North, South,

West), providing the mobile sensor node orientation relative to the central sensor node.

Transforming the computed Euclidean distance (referred through subsequent sections as

the transformed Euclidean distance) from degrees to meters using the equation 3.3 was

necessary to ensure accurate spatial measurements for the analysis. Since latitude and

longitude coordinates are typically represented in degrees, converting them to meters

provides a more meaningful and standardized measure of separation distance, facilitating

precise spatial analysis and comparison across different instances.

Assumption (On Euclidean Distance). Given the relatively short distances between the

central and mobile sensor nodes (1-meter intervals), Euclidean distance was deemed

appropriate for this study. The small-scale spatial separation within the sensor network

justifies the assumption of a flat Earth, a fundamental premise of Euclidean geometry.

Over short distances, the Earth's curvature is negligible, allowing latitude and longitude

coordinates to be approximated as points on a Cartesian plane. This approach is

consistent with previous research utilizing Euclidean geometry for local spatial analysis.

The progressive 1-meter intervals between sensor nodes further minimize any potential

distortion in distance measurements, ensuring accurate spatial analysis of PM

concentrations.

Another preprocessing step focused on incorporating sensor orientation data. Label

encoding was then applied to convert the categorical sensor node orientation data into

numerical representations suitable for model training.

Furthermore, to mitigate the impact of outliers (noise) in the raw data that could distort

model performance, median filtering was employed. This technique is a common
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practice in data preprocessing, as demonstrated in studies focused on air quality data

analysis (Cofre-Martel et al., 2021; Ganguli, 2002). Figure 3.4 shows the results of

preprocessed PM1.0, PM2.5 and PM10 features based on the application of median

filtering to remove outliers across the PM data.

Finally, data scaling was performed to normalize the feature values within the dataset.

This step prevents features with larger scales from disproportionately influencing the

model training process. The preprocessed data produced a well-structured feature matrix,

comprising 75,999 rows per feature, with dependent variables (target features) including

the three PM scales (PM1.0, PM2.5, and PM10 concentrations). The independent

variables (input features) include wind speed, temperature, humidity, Euclidean_D

between sensors, and the encoded sensor orientations. This prepared dataset served as the

foundation for training and evaluating the performance of the four machine learning

models explored in this study.
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Source: Researcher, 2024.

3.4 Training and Evaluation Strategy

The study evaluated the performance of four machine learning models for predicting PM

concentrations: Long Short-Term Memory (LSTM) networks, Artificial Neural

Networks (ANNs), Support Vector Regression (SVR), and Random Forest (RF) models.

LSTMs were chosen due to their ability to learn from sequential data, making them

particularly suitable for analyzing time-series data of PM concentrations, as evidenced in

Figure 3.5

Application of Median Filtering to Remove Spurious Values in the Raw Data.
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(Batur Şahin & Diri, 2019; Denny et al., 2018). ANNs were included due to their

adaptability and capacity to handle complex relationships within the data, as discussed in

(Pawul and Śliwka, 2016; Zhang, 2018). SVR models were selected for their

effectiveness in modeling non-linear relationships, as demonstrated in (Kshirsagar and

Khare, 2023), while Random Forests were chosen for their robustness and ability to

handle high-dimensional data, as highlighted in (Liu et al., 2012).

The training of machine learning models was conducted using multiple feature

combinations derived from the collected and preprocessed data. Specifically, models

were trained using the following feature sets: (i) 'Euclidean_D' and 'Orientation'; (ii)

'Wind speed', 'Euclidean_D', and 'Orientation'; (iii) 'Temperature', 'Euclidean_D', and

'Orientation'; (iv) 'Humidity', 'Euclidean_D', and 'Orientation'; (v) 'Temperature',

'Humidity', 'Euclidean_D', and 'Orientation'; (vi) 'Wind speed', 'Temperature',

'Euclidean_D', and 'Orientation'; (vii) 'Wind speed', 'Humidity', 'Euclidean_D', and

'Orientation'; and (viii) 'Wind speed', 'Temperature', 'Humidity', 'Euclidean_D', and

'Orientation'. These feature combinations aimed to explore the influence of different

environmental factors on model performance, ensuring a comprehensive assessment of

their predictive capacity.

The training and evaluation strategy involved splitting the dataset into three categories:

training, validation, and testing sets. Each machine learning model was trained using

specific hyperparameters and evaluated using various performance metrics, including

training and validation R-squared ( ) scores. The score signifies the proportion of

variance in the dependent variable (PM concentration) explained by the independent

variables (the features used for prediction) (Di Bucchianico, 2007). In this context, a

higher score signifies a better model fit and stronger predictive capability. scores
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were computed using the formula provided in Equation 3.7, used also by (Han et al.,

2021; Kshirsagar and Khare, 2023; Sakhrieh et al., 2021).

(3.7)

Variables;







Additionally, RMSE (Root Mean Squared Error) and MAE (Mean Absolute Error)

metrics were applied as evaluation metrics to provide a comprehensive assessment of

model performance. These metrics were chosen in combination with scores because

they offer different insights into the model’s predictive accuracy and error characteristics,

making them valuable for a robust evaluation.

RMSE measures the square root of the average squared differences between the

predicted and actual values, providing an indication of the model’s prediction error

magnitude. It is particularly sensitive to large errors, making it useful for identifying

models that perform poorly on certain subsets of data. The RMSE is defined as provided

in Equation 3.8.

(3.8)

Variables:






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MAE measures the average absolute differences between the predicted and actual values,

providing a straightforward measure of prediction accuracy. Unlike RMSE, MAE is less

sensitive to large errors, offering a balanced view of model performance across the

dataset. The MAE is defined as according to Equation 3.9.

(3.9)

Variables:

 .

 .

 .

This study assessed the performance of four machine learning models in predicting

particulate matter (PM) concentrations. The models were trained on data collected from

described IoT-based sensor nodes. The data included PM concentrations (PM1.0, PM2.5,

and PM10) along with various influencing factors: weather data (wind speed,

temperature, and humidity) and geometric features (Euclidean_D and Orientation)

An Artificial Neural Network (ANN) with a Multilayer Perceptron (MLP) architecture

was implemented. The MLP consisted of multiple densely connected layers with ReLU

activation functions in hidden layers and linear activation in the output layer. The model

was trained using mean squared error (MSE) loss function and the Adam optimizer to

minimize the difference between predicted and actual PM values.

A Long-Short Term Memory (LSTM) network was employed to capture temporal

patterns. The LSTM architecture consisted of stacked LSTM layers followed by dropout

layers to prevent overfitting and a dense output layer. The model was trained using MSE

loss and Adam optimizer to learn the mapping between sequences of input features and

corresponding PM concentrations.
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Support Vector Regression (SVR) was employed to find a hyperplane that best

approximates the relationship between input variables and PM concentrations. SVR

utilizes an epsilon-insensitive loss function, which ignores errors below a certain

threshold. It also uses kernel functions to map data into higher dimensions for improved

separability. The specific SVR model used a radial basis function (RBF) kernel and was

tuned with appropriate hyperparameters, including the C (penalty) parameter and the

epsilon (insensitivity) parameter.

Finally, a Random Forest Regressor was implemented. This ensemble learning method

constructs multiple decision trees. Each tree is trained on a random subset of the data and

selects a random subset of features at each split. The final prediction is the average of

predictions from all trees, reducing variance and improving generalization performance.

Randomness is introduced by selecting random subsets of features and using bootstrap

aggregating (bagging) during training. The model is trained by recursively growing trees

based on a chosen criterion (mean squared error in this case) until a stopping criterion is

met. The final output is obtained by averaging the predictions from all trees.

The best performing model was further analyzed to assess its prediction accuracy and

identify any potential trends. To quantify the improvement achieved by including

weather data, a signal energy analysis was employed. This analysis calculates the

cumulative energy contained within the concentration values for both the actual PM

concentrations measurements and the model’s predictions. The signal energy analysis

was performed according to the following framework.

3.4.1 Signal energy analysis

Consider the Ohms Law , where is the voltage, is the current, and is the

resistance. The Power ( ) in terms of Ohm's Law can be expressed as;

(3.10)
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Therefore, Signal Energy (E) over some spatial domain :

In the context of predictions, this work considered the actual and predicted values as

signals.

Signal Energy (E) for a discrete signal of length :

(3.11)

Using Equation 3.11 in the analysis:

Actual Signal Energy ( ​ ):

Predicted Signal Energy ( ​ ):

Signal Energy Error:

Then, the relative percentage error is computed according to equation 3.12.

(3.12)

Interpretation: As an example, a percentage error of in signal energy represents the

difference between the actual signal energy and the predicted signal energy as a

proportion of the actual signal energy.

Accuracy Indicator: A error indicates that the predicted signal energy deviates from

the actual signal energy by only . This suggests that the prediction model is highly

accurate, capturing the majority of the signal’s characteristics correctly.

Performance Evaluation: In practical terms, this small error margin demonstrates that the

model’s predictions are very close to the real measurements. Such a low percentage error

implies that the model is reliable and its predictions can be trusted for practical

applications, such as monitoring air quality.
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Model Robustness: A error reflects the robustness of the model in handling various

input conditions and still providing precise predictions. It indicates that the model’s

performance is stable and consistent across different test scenarios.

Practical Example: Suppose the actual signal energy ( ​ ) is . A

error would mean the predicted signal energy ( ​ ) is either or

. The difference ( ) represents a small fraction of the total energy,

hence reflecting high prediction fidelity.

Therefore, a lower signal energy error, obtained by summing the squared differences

between these values, indicates a better match between the predicted and actual PM

concentrations. This error is then translated to a percentage error, providing a

quantitative measure of the model’s accuracy. Following this initial assessment, a

moving average technique was applied to analyze trends in prediction accuracy across

the 160-meter radius. The moving average smooths a signal by replacing each data point

with the average of neighboring points within a specified window size. The mathematical

formula for computing the moving average at each point in the signal can be

represented according to equation 3.13, (Guiñón et al., 2007; Hyndman, 2010):

(3.13)

Where:

 is the original accuracy value at index .

 is the smoothed accuracy value at index .

 is the total number of points in the window (window size).

 is the half-width of the window (number of points on each side of the current

point).
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Equation 3.19 calculates the average of the original accuracy values within a window

centered at each index , effectively smoothing out the curve.

By smoothing out fluctuations in the data, this approach provides a clearer picture of

how accuracy varies with distance from the central sensor node.
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CHAPTER FOUR: RESULTS AND DISCUSSION

4.1 Introduction

This chapter presents the analysis and discussion of four machine learning models that

were experimented, including: Artificial Neural Networks (ANNs), Support Vector

Regression (SVR), Long Short-Term Memory (LSTM), and Random Forest. The

analysis focuses on the model’s ability to predict the spatial distribution of PM1.0,

PM2.5, and PM10 concentrations, both before and after deployment. Pre-deployment

analysis evaluates the models based on three chosen metrics: scores, Root Mean

Squared Error (RMSE), Mean Absolute Error (MAE), and average prediction accuracy.

Additionally, this section explores the impact of feature importance ranking on model

performance and identifies the best performing model. Post-deployment analysis focuses

on the selected best model. It examines the instantaneous alignment between actual and

predicted PM concentrations. Further model validation is achieved through signal energy

error analysis, along with a 1D moving average signal energy analysis.

4.2 Pre-Deployment Analysis

ANN, LSTM, SVR and RF models were trained to predict the PM values at a given

distance from the reference point (the reference point will be referred as the Point of

Interest (PoI)) given the inputs of the model being the PM value at the reference point

and geometric features. Geometric features entailed transformed Euclidean distance

(Euclidean_D) and Orientation of the PoI with respect to the reference point. Separately,

the models were trained to predict the PM value at the PoI but with the inputs

incorporating the PM values at the reference point, geometric features (Euclidean_D and

Orientation) and weather features (Wind speed, Temperature and Humidity). Weather

data consisted of wind speed, temperature and humidity. The performance of the

machine learning models were evaluated in terms of the attained scores and model
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Root Mean Squared (RMS) errors and Mean Absolute Errors (MAE). The training and

evaluation performance of the four ML models is presented in Table 4.1 to Table 4.10.

4.2.1 Machine leaning models training and validation for PM1.0

Table 4.1

Evaluation of Machine Learning Models for PM1.0 Prediction.

Source: Research data, 2024.

Table 4.1 illustrates the impact of including weather parameters on the performance of

various machine learning models predicting PM concentrations up to 160 meters

spatially. The results clearly demonstrate that incorporating weather data significantly

improves the models’ ability to capture the spatial variability of PM concentrations.

Model Feature
Combinations

Train
Score

Train
RMSE

Train
MAE

Validation Validation
RMSE

Validation
MAE

ANN Euclidean_D,
Orientation

0.9746 2.7696 1.0535 0.9711 1.8719 0.8125

Wind speed,
Temperature,
Euclidean_D,
Orientation

0.9790 2.5225 0.8002 0.9756 1.7201 0.7952

SVR Euclidean_D,
Orientation

0.9787 2.7479 1.2504 0.9648 2.0516 1.1397

Wind speed,
Euclidean_D,
Orientation

0.9792 2.7150 1.2304 0.9679 1.9590 1.0621

LSTM Euclidean_D,
Orientation

0.9856 2.0778 0.8632 0.9694 1.9154 1.1286

Temperature,
Euclidean_D,
Orientation

0.9841 2.1823 0.8946 0.9578 2.2482 1.2846

Random
Forest

Euclidean_D,
Orientation

0.5878 1.7222 1.3607 0.5472 1.8086 1.4229

Temperature,
Humidity,
Euclidean_D,
Orientation

0.6486 1.5902 1.2411 0.5354 1.8320 1.4314
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Initially trained without weather parameters, the ANN achieved a validation of

0.9711, indicating a strong fit but with some room for improvement. However,

incorporating wind speed and temperature into the training data boosted the validation

to 0.9756, suggesting a closer match between predicted and actual PM values. This

improvement is further reflected in the reduced RMSE (1.8719 to 1.7201) and MAE

(0.8125 to 0.7952), signifying a decrease in the average prediction errors. The results

suggest that the model’s predictions deviated from actual PM1.0 concentrations by only

0.7952 µg/m³ on average, which is significant given the PM1.0 range of 5 to 25.

Similarly, the LSTM model also benefited from the inclusion of weather data. Without

them, its validation stood at 0.9694, while the RMSE and MAE were 1.9154 and

1.1286, respectively. After incorporating temperature, the validation slightly dropped

with the highest validation value at 0.9578, indicating a slightly better fit. The RMSE

and MAE also increased to 2.2482 and 1.2846, respectively, suggesting that inclusion of

weather parameters in the model training did not significantly improve LSTM

generalization on unseen data. Further, this result implies that the model’s predictions

deviated from actual PM1.0 concentrations by only 1.2846 µg/m³ on average.

The SVR model also exhibited enhanced performance when trained with additional

weather parameters. Initially, its validation was 0.9648, while the RMSE and MAE

were 2.0516 and 1.1397, respectively. After including wind speed and temperature, the

validation increased to 0.9679, suggesting a slightly improved fit. The RMSE and

MAE also decreased to 1.9590 and 1.0621, respectively, indicating a reduction in

average prediction errors. This implies that the model’s predictions deviated from actual

PM1.0 concentrations by only 1.0621 µg/m³ on average.

Conversely, the Random Forest model consistently showed lower performance compared

to the other models, regardless of the feature combinations used. Even with additional
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weather parameters, its validation remained relatively low at 0.5354, while the RMSE

and MAE were 1.8320 and 1.4314, respectively. This suggests that the model’s

predictions deviated from actual PM1.0 concentrations by an average of 1.4314 µg/m³,

which is significantly higher compared to the other models.

Among the various impactful feature combinations, the results indicate that the best-

performing model is the ANN. This model achieved the highest validation scores

(0.9756) and the lowest RMSE (1.7201) and MAE (0.7952) values, indicating its

effectiveness in predicting PM concentrations spatially. The inclusion of wind speed and

temperature as weather parameters significantly improved the model’s performance,

particularly for the ANN and LSTM models, showcasing the importance of these

parameters in accurate PM concentration prediction.

4.2.2 Machine leaning models training and validation for PM2.5

The PM2.5 model training and evaluation analysis in Table 4.2 reveals the varying

impacts of feature selection on the performance of different machine learning models.

The ANN model demonstrated substantial improvements in its performance metrics

when humidity was included as a feature. Initially, with Euclidean_D and Orientation,

the ANN achieved a validation score of 0.9692, RMSE of 2.5260, and MAE of

1.1488. However, adding humidity improved the validation to 0.9789, reduced RMSE

to 2.2139, and lowered MAE to 1.0012, indicating more accurate predictions with

average deviations of 1.0012 µg/m³ from actual PM2.5 concentrations, which ranged

between 5 and 33 µg/m³.

The SVR model also benefited from additional features, showing a validation of

0.9737, RMSE of 2.3085, and MAE of 1.1139 with Euclidean_D and Orientation. The

inclusion of temperature and humidity further improved its performance to a validation

of 0.9751, RMSE of 2.2459, and MAE of 1.0905, suggesting a slight enhancement in
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prediction accuracy. However, the LSTM model exhibited poor generalization, with its

validation dropping significantly to 0.8684 and its RMSE and MAE increasing to

5.1970 and 4.1140, respectively, when trained with Euclidean_D and Orientation.

Including temperature and humidity did not substantially improve these metrics,

resulting in a validation of 0.9471, RMSE of 3.2951, and MAE of 2.5240, which

indicates considerable prediction errors.

The Random Forest model consistently performed worse than the other models, showing

a validation of 0.4873, RMSE of 2.6127, and MAE of 2.0474 with Euclidean_D and

Orientation. Adding temperature as a feature did not significantly improve its

performance, with a validation of 0.4702, RMSE of 2.6557, and MAE of 2.0712,

indicating less accurate predictions compared to ANN and SVR.

The results in Table 4.2 suggest that humidity is a significant factor in predicting PM2.5

concentrations, aligning with other studies that emphasize the role of environmental

variables in air quality models (Xu et al., 2021; Li et al., 2020). Among the models,

ANN emerged as the most suitable for predicting PM2.5 concentrations, achieving the

highest training and validation scores (0.9805 and 0.9789, respectively) and the

lowest RMSE (2.2139) and MAE (1.0012), outperforming SVR, LSTM and

RandomForest. The LSTM model’s poor generalization, evidenced by higher RMSE and

MAE, indicates its limitations in predicting PM2.5 concentrations accurately. Similarly,

the Random Forest model’s performance did not improve significantly with the inclusion

of weather parameters, reflecting its limited predictive capability for this task.
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Table 4.2

Impact of Feature Selection on PM2.5 Prediction Model Performance.

Source: Research data, 2024.

Comparing the results, the inclusion of weather parameters alongside geometric features

did not drastically enhance model performance, as evidenced by only slightly improved

scores and reduced RMSE and MAE. This observation is consistent with the

performance patterns of the LSTM and Random Forest models, where the added weather

features did not significantly elevate prediction accuracy. Similar research has shown

varying impacts of feature inclusion, often highlighting that while certain environmental

variables can improve predictions, their influence may be model-dependent (Abecasis et

Model Feature
Combinations

Train

Score

Train
RMSE

Train
MAE

Validation Validatio
n RMSE

Validation
MAE

ANN Euclidean_D,
Orientation

0.9766 3.0048 1.3408 0.9692 2.5260 1.1488

Humidity,
Euclidean_D,
Orientation

0.9805 2.7428 1.0591 0.9789 2.2139 1.0012

SVR Euclidean_D,
Orientation

0.9814 2.8503 1.3904 0.9737 2.3085 1.1139

Temperature,
Humidity,
Euclidean_D,
Orientation

0.9815 2.8409 1.3895 0.9751 2.2459 1.0905

LSTM Euclidean_D,
Orientation

0.9867 2.2526 1.1252 0.8684 5.1970 4.1140

Temperature,
Humidity,
Euclidean_D,
Orientation

0.9752 3.0761 2.2118 0.9471 3.2951 2.5240

Random
Forest

Euclidean_D,
Orientation

0.5224 2.5202 1.9744 0.4873 2.6127 2.0474

Temperature,
Humidity,
Euclidean_D,
Orientation

0.5986 2.3101 1.8011 0.4702 2.6557 2.0712
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al., 2022; Li et al., 2019). Overall, the ANN model’s superior performance, validated by

its higher accuracy metrics, underscores its robustness in PM2.5 concentration prediction.

4.2.3 Machine leaning models training and validation for PM10

Table 4.3 illustrates the impact of feature combinations on the performance of various

machine learning models predicting PM10 concentrations. Initially, the ANN model

achieved a validation of 0.9775, indicating a strong fit, which was further enhanced to

0.9793 upon incorporating wind speed and temperature. This improvement was

accompanied by a decrease in RMSE from 2.231 to 2.143 and MAE from 1.1120 to

1.0037, highlighting the model’s enhanced precision. The deviation from actual PM10

concentrations, which ranged between 5 and 35 µg/m³, was minimal, with an average

prediction error of 1.0037 µg/m³. This suggests that wind speed and temperature are

crucial parameters for improving ANN model performance.

Similarly, the SVR model showed enhanced performance with additional weather

parameters, achieving a validation of 0.9739 initially, which increased slightly to

0.9751 with humidity included. The RMSE and MAE also decreased from 2.3492 to

2.2940 and 1.1315 to 1.1140, respectively. These improvements indicate that while the

SVR model benefitted from weather data, the enhancements were marginal, with the

model’s predictions deviating from actual PM10 concentrations by about 1.1140 µg/m³

on average.

In contrast, the LSTM model exhibited poor generalization. Without weather parameters,

its validation was 0.9018, with RMSE and MAE at 4.6475 and 3.5176, respectively.

Even with additional weather parameters, the validation improved to 0.9602, yet the

RMSE and MAE remained relatively high at 2.9566 and 1.8514. These metrics indicate

substantial prediction errors, suggesting that LSTM struggled to accurately predict PM10

concentrations, deviating by 1.8514 µg/m³ on average.



53

The RandomForest model consistently underperformed compared to the other models,

with validation values of 0.4672 and 0.4569 for the different feature sets. The RMSE

and MAE also remained high, around 2.8025 and 2.2008, respectively, indicating

significant prediction deviations. This underscores the model’s limited ability to predict

PM10 concentrations accurately, with an average error of 2.2008 µg/m³, reflecting a

considerable deviation from actual concentrations.

The inclusion of weather parameters did not significantly improve model performance

across the board. For ANN, the slight enhancements in , RMSE, and MAE suggest

some benefit, but for LSTM and RandomForest, the improvements were negligible. This

aligns with other studies where the inclusion of environmental data has shown mixed

results in improving PM predictions, depending on the model architecture and the

specific weather parameters used (Abecasis et al., 2022; Li et al., 2019). The ANN model

consistently outperformed SVR and LSTM, with lower RMSE and MAE, validating its

suitability for PM10 prediction.

LSTM’s poor generalization compared to ANN and SVR is evident, indicating it may

not be the best choice for this type of prediction. Similar observations were made for

RandomForest, where adding weather parameters did not significantly enhance

performance. These findings align with current research, suggesting that while weather

parameters can enhance model performance, their impact varies across different models

and should be carefully evaluated (Sillmann et al., 2017; Wu and Xue, 2024).
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Table 4.3

Impact of Feature Combinations on PM10 Prediction Model Performance.

Source: Research data, 2024.

4.2.4 Average percentage prediction accuracy analysis

The study evaluated the generalizability of the four machine learning models (ANN,

SVR, LSTM, and Random Forest) on unseen data. This involved predicting PM

concentrations at points of interest (PoIs) within a 160-meter radius of a central sensor

node, using various feature combinations. An average prediction accuracy metric was

calculated for each PoI using equation 4.1.

(4.1)

Model Feature
Combinations

Train
Score

Train
RMSE

Train
MAE

Validation Validation
RMSE

Validation
MAE

ANN Euclidean_D,
Orientation

0.9792 2.875 1.172 0.9775 2.231 1.1120

Wind speed,
Temperature,
Euclidean_D,
Orientation

0.9798 2.834 1.226 0.9793 2.143 1.0037

SVR Euclidean_D,
Orientation

0.9814 2.8874 1.3492 0.9739 2.3492 1.1315

Humidity,
Euclidean_D,
Orientation

0.9817 2.8646 1.3292 0.9751 2.2940 1.1140

LSTM Euclidean_D,
Orientation

0.9837 2.5388 1.2689 0.9018 4.6475 3.5176

Temperature,
Humidity,
Euclidean_D,
Orientation

0.9827 2.6108 1.4414 0.9602 2.9566 1.8514

Random
Forest

Euclidean_D,
Orientation

0.4989 2.7161 2.1039 0.4672 2.8025 2.1755

Temperature,
Humidity
Euclidean_D,
Orientation

0.5988 2.4305 1.8839 0.4569 2.8294 2.2008
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Where:

 is the number of data points.

 is the actual observed value of the target variable for the data

point in the testing dataset.

 is the predicted value of the target variable for the data point,

as estimated by the ANN model.

 is the Absolute Error.

 is the Relative Error.

To assess model performance, equation 4.1 was employed to calculate the absolute error

between predicted and actual PM concentrations, expressed as a relative error in relation

to the actual value. A 75% average accuracy threshold was empirically determined to

identify the optimal model, independent of air quality health standards.

Tables 4.4 to 4.7 present the average prediction accuracy for each Point of Interest (PoI),

corroborating the findings from Tables 4.1 to 4.3. Building upon the earlier observation

of potential overfitting in LSTM and Random Forest models based on training and

validation disparities, this analysis evaluates model performance on unseen data to assess

their generalizability. The results indicate that the ANN model consistently outperformed

SVR, LSTM, and Random Forest in predicting PM1.0, PM2.5, and PM10 concentrations

within a 160-meter radius across all feature combinations. Conversely, the other models

demonstrated substantial performance variations contingent on the PM scale and feature

selection. This highlights the ANN model's superior ability to generalize and its

robustness in predicting PM concentrations compared to the alternative models.
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Table 4.4

ANN Model Average Prediction Accuracy for PM1.0, PM2.5, and PM10.

Source: Research data, 2024.

Table 4.4 presents the average prediction accuracy of the ANN model for PM1.0, PM2.5,

and PM10 concentrations across various feature combinations within a 160-meter radius

from the central sensor node. The performance of the ANN model varies significantly

across different feature combinations, reflecting the model’s sensitivity to the inclusion

of specific weather parameters.

As observed in Table 4.4, for PM1.0, the highest accuracy of 87.35% is achieved with

the combination of wind speed, temperature, Euclidean_D, and Orientation, underscoring

the critical role of these weather parameters in enhancing the ANN model’s predictive

capability. Similarly, for PM2.5, the combination of humidity and Euclidean_D

alongside Orientation yields the highest accuracy of 88.73%, indicating the substantial

impact of humidity on the model’s performance. For PM10, the combination of wind

speed, temperature, Euclidean_D, and Orientation again stands out, achieving an

accuracy of 88.44%, highlighting the importance of both wind speed and temperature in

predicting larger particulate matter concentrations.

FEATURES PM1.0 PM2.5 PM10

Euclidean_D, Orientation 80.87 84.69 88.07

Wind speed, Euclidean_D, Orientation 84.05 86.91 85.74

Temperature, Euclidean_D, Orientation 77.29 88.5 81.77

Humidity, Euclidean_D, Orientation 85.33 88.73 82.96

Temperature, Humidity, Euclidean_D, Orientation 77.6 85.46 87.22
Wind speed, Temperature, Euclidean_D, Orientation 87.35 78.11 88.44
Wind speed, Humidity, Euclidean_D, Orientation 76.32 82.36 86.88
Wind speed, Temperature, Humidity, Euclidean_D,
Orientation

76.01 74.34 81.75
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These results demonstrate that the ANN model consistently outperforms other models,

such as SVR, LSTM, and RandomForest, by surpassing the 75% set average prediction

accuracy across all feature combinations. This superior performance is evident from the

high accuracies achieved in predicting PM1.0, PM2.5, and PM10, with the ANN model

effectively leveraging the combination of spatial and weather features to enhance its

predictive accuracy.

Comparatively, the findings align with current studies that emphasize the influence of

weather parameters on the performance of machine learning models for air quality

prediction. Studies by (Li et al., 2017; Lin et al., 2023; Sun et al., 2019) highlight the

critical role of dynamic weather conditions such as wind speed, temperature, and

humidity in accurately predicting particulate matter concentrations. However, the

specific feature combinations and their impact on model performance, as observed in this

analysis, provide new insights that are less frequently addressed in existing literature.

The absence of studies evaluating machine learning model performance across various

feature combinations with changes in proximity from a reference point further

underscores the novelty of these findings.

The ANN model’s superior performance, as indicated by the results in Table 4.4, also

highlights the model’s robustness in handling complex, non-linear prediction tasks,

which often surpasses the capabilities of SVR, LSTM, and RandomForest models. This

observation is consistent with research by (Plocoste and Laventure, 2023; Sharma et al.,

2021; Zickus et al., 2002), which suggest that neural networks tend to outperform

support vector regression and other models in intricate prediction scenarios. Therefore,

the results from Table 4.4 reinforce the ANN model’s status as the best-performing

model for predicting particulate matter concentrations, effectively utilizing a

combination of spatial and weather features to achieve high prediction accuracies.
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Table 4.5 presents the average prediction accuracy of the SVR model for PM1.0, PM2.5,

and PM10 concentrations across various feature combinations within a 160-meter radius

from the central sensor node. The SVR model’s performance varies notably across

different combinations, with accuracy levels showing the influence of including weather

parameters as features. For PM1.0, the highest accuracy of 75.98% is achieved with the

combination of Wind speed, Temperature, Euclidean_D, and Orientation. This suggests

that wind speed and temperature are crucial for improving the SVR model’s prediction

accuracy for PM1.0. For PM2.5 and PM10, the inclusion of humidity alongside

temperature and Euclidean_D proves to be the most impactful, with prediction

accuracies of 78.31% and 80.46%, respectively. These results indicate that humidity is a

significant factor in predicting larger particulate matter concentrations.

Table 4.5

SVR Model Average Prediction Accuracy for PM1.0, PM2.5, and PM10.

Source: Research data, 2024.

As observer in Table 4.5, the impact of including weather parameters as training features

is evident in the enhanced prediction accuracies across the different PM scales.

Specifically, the inclusion of temperature and humidity consistently boosts the model’s

FEATURES PM1.0 PM2.5 PM10

Euclidean_D, Orientation 63.49 49.78 45.21

Wind speed, Euclidean_D, Orientation 49.59 54.14 47.4
Temperature, Euclidean_D, Orientation 75.82 78.21 80.37

Humidity, Euclidean_D, Orientation 75.46 78.31 80.46
Temperature, Humidity, Euclidean_D, Orientation 74.93 77.81 80.34
Wind speed, Temperature, Euclidean_D, Orientation 75.98 78.04 80.18
Wind speed, Humidity, Euclidean_D, Orientation 75.28 78.00 80.28
Wind speed, Temperature, Humidity, Euclidean_D,
Orientation

74.89 77.69 80.14
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performance for PM2.5 and PM10, highlighting their importance in capturing the

variability of particulate matter concentrations. For PM1.0, wind speed and temperature

stand out as the most influential parameters, corroborating the critical role of dynamic

atmospheric conditions in predicting finer particulate matter. The consistent

improvement in prediction accuracy with the addition of weather parameters underscores

their value in the training process, contributing to more accurate and reliable model

outputs.

These results complement the findings in Table 4.1, Table 4.2 and Table 4.3, where the

SVR model’s generalization on unseen data is shown to be robust yet slightly lower to

that of the ANN model. While the SVR model performs significantly well across various

feature configurations, with accuracies often around 75-80%, the ANN model

demonstrates consistently higher accuracies above 80% for most feature combinations.

This indicates that the ANN model has a superior ability to generalize and predict

particulate matter concentrations across different conditions, reaffirming its status as the

best-performing model overall.

This analysis aligns with other current studies that emphasize the importance of

including weather parameters in machine learning models for air quality prediction. The

findings support the notion that dynamic weather conditions, such as wind speed and

temperature, are pivotal in accurately predicting PM concentrations, as highlighted by

studies like those of (Aldegunde et al., 2022, 2022; Bekkar et al., 2021). However, the

slightly lower generalization capability of the SVR model compared to the ANN model

also resonates with research indicating that neural networks often outperform support

vector regression in complex, non-linear prediction tasks by (Plocoste and Laventure,

2023; Sharma et al., 2021; Zickus et al., 2002). Overall, this analysis highlights the value
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of comprehensive feature selection and the superior predictive power of the ANN model

in the context of air quality monitoring.

Table 4.6

LSTM Model Average Prediction Accuracy for PM1.0, PM2.5, and PM10.

Source: Research data, 2024.

The results in Table 4.6 present the average prediction accuracy of the LSTM model for

PM1.0, PM2.5, and PM10 concentrations within a 160-meter radius from the central

sensor node, revealing the model’s performance across various feature combinations.

The LSTM model’s highest accuracy for PM1.0 is 74.53%, achieved with the

combination of Temperature, Euclidean_D, and Orientation. This indicates that

temperature is a critical feature influencing PM1.0 prediction accuracy. For PM2.5, the

best performance is observed with Temperature, Humidity, Euclidean_D, and

Orientation, resulting in an accuracy of 79.62%. Similarly, for PM10, the highest

accuracy of 81.23% is also achieved with the inclusion of Temperature, Humidity,

Euclidean_D, and Orientation. These findings underscore the importance of temperature

FEATURES PM1.0 PM2.5 PM10

Euclidean_D, Orientation 44.1 43.72 47.73
Wind speed, Euclidean_D, Orientation 52.55 58.16 62.15

Temperature, Euclidean_D, Orientation 74.53 66.59 80.74

Humidity, Euclidean_D, Orientation 74.16 74.13 72.95

Temperature, Humidity, Euclidean_D,
Orientation

68.92 79.62 81.23

Wind speed, Temperature, Euclidean_D,
Orientation

74.07 72.23 78.24

Wind speed, Humidity, Euclidean_D,
Orientation

70.95 58.47 71.99

Wind speed, Temperature, Humidity,
Euclidean_D, Orientation

70.21 71.37 74.06
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and humidity in enhancing the LSTM model’s predictive capabilities for PM2.5 and

PM10 concentrations.

Despite the LSTM model performing well with specific feature combinations, it

generally exhibits lower prediction accuracy compared to the ANN and SVR models.

This is evident from the overall average prediction accuracies, where the LSTM's best

accuracies (74.53% for PM1.0, 79.62% for PM2.5, and 81.23% for PM10) are relatively

lower than those achieved by ANN and SVR models across most feature sets. For

instance, the ANN model consistently achieves prediction accuracies above 80% for all

PM scales, and the SVR model reaches up to 75.98% accuracy, indicating better

generalization and robustness in their predictions. These observations align with the

results from Table 4.4.1, Table 4.4.2 and Table 4.4.3, where the ANN and SVR models

showed superior performance metrics ( , RMSE, and MAE) compared to the LSTM,

which struggled with generalization on unseen data.

The inclusion of weather parameters significantly impacts the LSTM model’s prediction

accuracy. Temperature consistently proves to be the most impactful feature for PM1.0,

while the combination of Temperature and Humidity is crucial for predicting PM2.5 and

PM10 concentrations. These findings highlight the sensitivity of the LSTM model to

specific weather parameters, which enhance its ability to capture the temporal and spatial

variability of particulate matter concentrations. However, even with these improvements,

the LSTM model’s accuracy remains lower than the ANN and SVR models, suggesting

that while weather parameters are beneficial, the LSTM architecture may not be as

effective in leveraging these features as the other models.

These results complement previous analyses by confirming the LSTM model’s

limitations in generalizing across various feature configurations. Despite achieving

reasonable accuracies with optimal feature combinations, its overall performance is less
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consistent compared to ANN and SVR models. This analysis aligns with other studies

indicating that while LSTM models can capture temporal dependencies effectively, their

performance may lag behind simpler, yet more robust models like ANN and SVR in

certain applications (Plocoste and Laventure, 2023; Sharma et al., 2021; Zickus et al.,

2002). Moreover, the relatively lower prediction accuracies of LSTM highlight the need

for careful feature selection and model tuning to achieve optimal results in predicting air

quality metrics.

While the LSTM model demonstrates significant improvements with specific weather

parameters, its overall generalization is less effective compared to ANN and SVR

models. The results underscore the importance of temperature and humidity in enhancing

predictive accuracy but also highlight the inherent limitations of the LSTM model in

spatial air quality prediction tasks. This analysis is consistent with current research,

suggesting that while advanced models like LSTM have potential, traditional models

may still offer superior performance in certain contexts (Han et al., 2021; Xiao et al.,

2020).

The results in Table 4.7 also present the average prediction accuracy of the

RandomForest model across various feature combinations within a 160-meter radius

from the central sensor node for PM1.0, PM2.5, and PM10 scales. Across all feature

configurations, the RandomForest model yielded prediction accuracies consistently

below 65%, indicating its limited capability in accurately predicting PM concentrations

spatially.

Despite varying feature combinations, the RandomForest model’s performance remained

notably lower compared to other models such as ANN, SVR, and LSTM, which

achieved prediction accuracies predominantly above 80%, 74%, and 65%, respectively.

This suggests that while RandomForest may offer certain advantages, such as simplicity
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and scalability, its generalization on unseen data is comparatively lower, as evidenced by

the consistently lower prediction accuracies.

Among the feature combinations, it appears that temperature and humidity plays a

significant role in influencing the model’s prediction accuracy for PM1.0, PM2.5, and

PM10. Combining temperature and humidity with Euclidean_D and Orientation

consistently resulted in prediction accuracies around 63% for PM1.0, 64% for PM2.5,

and 62% for PM10. This underscores the importance of temperature as a crucial feature

in training the model for accurate PM concentration prediction.

Table 4.7

RandomForest Model Average Prediction Accuracy for PM1.0, PM2.5, and PM10.

Source: Research data, 2024.

Notably, the inclusion of weather parameters, such as wind speed and humidity,

alongside geometric features, did not notably enhance the RandomForest model’s

performance. Across different feature sets, the prediction accuracies remained relatively

consistent, indicating that the addition of weather parameters did not significantly

contribute to improving the model’s predictive capability. This aligns with previous

studies where RandomForest's performance was found to be relatively insensitive to the

inclusion of environmental variables in certain contexts (Hart et al., 2020).

FEATURES PM1.0 PM2.5 PM10
Euclidean_D, Orientation 64.48 64.16 62.23
Wind speed, Euclidean_D, Orientation 63.82 64.12 62.27
Temperature, Euclidean_D, Orientation 63.9 64.19 62.32
Humidity, Euclidean_D, Orientation 64.21 64.12 62.25
Temperature, Humidity, Euclidean_D, Orientation 63.94 64.16 62.33

Wind speed, Temperature, Euclidean_D, Orientation 63.53 64.19 62.38

Wind speed, Humidity, Euclidean_D, Orientation 63.76 64.10 62.29

Wind speed, Temperature, Humidity, Euclidean_D,
Orientation

63.53 64.16 62.40
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Comparatively, the RandomForest model’s performance in this analysis differs from

some current studies where it has shown promising results, particularly in scenarios with

high-dimensional and noisy datasets. However, the lower prediction accuracies observed

here could be attributed to the specific characteristics of the dataset and the complexity

of predicting PM concentrations spatially, which may require more robust modeling

approaches.

While the RandomForest model provides a robust framework for predictive modeling, its

performance in spatial prediction of PM concentrations across various feature

configurations within a 160-meter radius appears to be limited. Temperature emerges as

the most impactful feature combination for training the model, indicating its crucial role

in improving prediction accuracy. These results complement the findings from Table 4.1,

Table 4.2 and Table 4.3, highlighting the importance of selecting appropriate models and

features for accurate spatial prediction of PM concentrations.

4.2.5 Feature importance

Tables 4.8 to 4.10 delve into feature importance by ranking the average prediction

accuracy of the four machine learning models (ANN, SVR, LSTM, and Random Forest)

at points of interest (PoIs). This ranking is done from highest to lowest accuracy to

understand how different feature combinations affect the models' ability to predict PM

concentrations as the distance from the central sensor node changes. This analysis aims

to identify the most significant weather parameters influencing PM distribution within a

specific geographical area. Table 4.8 shows the training feature importance for various

machine learning (ML) models in predicting PM1.0 concentrations across a 160-meter

radius. The results for each model are discussed below.
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Table 4.8

Feature Importance Ranking for PM1.0 Prediction Models

Source: Research data, 2024.

For the ANN model, the feature combination of wind speed, temperature, Euclidean_D,

and Orientation achieved the highest average prediction accuracy of 87.35% (Table 4.4),

highlighting the critical role of weather parameters. This aligns with existing research

(Peralta et al., 2022; Xu and Zhang, 2020) that wind speed influences the dispersion and

transport of particulate matter, while temperature affects particle composition and

volatility. Including both these parameters significantly improved the model’s accuracy.

While wind speed and temperature were the most impactful features, the ANN model

also achieved reasonably high accuracy 80.87% (Table 4.4), with just Euclidean_D and

Orientation. This suggests that even without weather data, the model can learn from

spatial relationships. Lower-ranked combinations including humidity with other

parameters showed reduced accuracy, indicating that while these parameters are

Feature Combination ANN Rank SVR Rank LSTM Rank RandomForest
Rank

Wind speed, Temperature,
Euclidean_D, Orientation

1 1 3 7

Temperature, Euclidean_D,
Orientation

6 2 1 3

Humidity, Euclidean_D,
Orientation

2 4 2 1

Wind speed, Euclidean_D,
Orientation

3 3 4 5

Temperature, Humidity,
Euclidean_D, Orientation

5 7 8 2

Euclidean_D, Orientation 4 8 7 4
Wind speed, Humidity,
Euclidean_D, Orientation

7 5 6 6

Wind speed, Temperature,
Humidity, Euclidean_D,
Orientation

8 6 5 8
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significant individually, their combined effect is less influential than wind speed and

temperature together.

Similar to the ANN model, the SVR model achieved the highest prediction accuracy

(75.98%, Table 4.5) with the combination of wind speed, temperature, Euclidean_D, and

Orientation. This again highlights the importance of wind speed and temperature in

capturing PM dynamics, as supported by studies (Li et al., 2017) which explain how

wind speed influences PM transport and dilution, while temperature affects chemical

reactions and formation processes. Interestingly, adding multiple weather parameters

together did not significantly improve performance beyond a certain point, suggesting a

saturation effect. This aligns with research (Badura et al., 2018) that emphasizes careful

consideration of feature selection to avoid overfitting and ensure robust predictions.

The LSTM model exhibited the most significant variation in performance based on

feature combinations. The highest accuracy (74.53%, Table 4.6) was achieved with

temperature, Euclidean_D, and Orientation, suggesting that temperature plays a crucial

role in capturing the temporal dependencies inherent in PM1.0 data. This might be

because PM1.0 particles are more sensitive to temperature variations. Including humidity

also resulted in high accuracy (74.16%, Table 4.6), indicating its importance as well.

While wind speed and Euclidean_D alone achieved a lower accuracy (70.95%, Table 4.6)

compared to the combination with temperature, including all three weather parameters

did not significantly boost performance (70.21%, Table 4.6). This suggests a diminishing

return on adding weather features beyond a certain point, similar to the SVR model. The

importance of temperature in LSTM training aligns with current research (Gong et al.,

2015) on how temperature and humidity influence PM concentrations through

atmospheric effects. However, unlike the other models, the LSTM model’s validation

results raise concerns about generalization ability. Although training and validation
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metrics were relatively close, higher errors on validation data suggest the model may

struggle with unseen data, potentially due to overfitting.

The Random Forest model achieved the highest prediction accuracy (63.94%, Table 4.7)

with the combination of temperature, humidity, Euclidean_D, and Orientation. This

indicates that although slightly lower than when the model was trained without the

inclusion of weather parameters (64.48%, Table 4.7), temperature and humidity is the

most crucial feature for this model. Similar to the other models, including other weather

parameters like humidity and wind speed offered some improvement, but to a lesser

extent. This aligns with research (Li et al., 2017; Chen et al., 2019) that temperature

variations directly influence particle dispersion and atmospheric reactions. The model’s

performance on unseen data suggests limitations in generalization. While training and

validation metrics were closer than for other models, higher errors on validation data

indicate it may not perform well with new data. This is consistent with findings (Cofre-

Martel et al., 2021) that Random Forest models, while effective for complex datasets,

can struggle with overfitting and fail to capture the underlying data distribution on new

datasets.

These findings demonstrate the complex interplay between feature importance and

model performance in PM concentration prediction. While temperature emerged as a

significant factor for all models, their performance varied based on feature combinations

and generalization ability. Careful feature selection, model evaluation, and consideration

of potential overfitting are crucial for robust air quality monitoring applications



68

Table 4.9

Feature Importance Ranking for PM2.5 Prediction Models.

Source: Research data, 2024.

Table 4.9 summarizes the training feature importance for various machine learning

models in predicting PM2.5 concentrations across a 160-meter radius. The Artificial

Neural Network (ANN) model achieved the highest average prediction accuracy 88.73%

(Table 4.4) with the feature combination of humidity, Euclidean_D, and Orientation.

This aligns with existing research emphasizing the significant influence of humidity on

PM2.5 prediction in ANN models (Zang et al., 2019). Humidity significantly impacts

particulate matter dispersion and concentration through processes like hygroscopic

growth.

Following closely behind the ANN model was the Support Vector Regression (SVR)

model, with a top accuracy of 78.31% (Table 4.5) for the same feature combination

Feature Combination ANN Rank SVR Rank LSTM Rank RandomForest
Rank

Humidity, Euclidean_D,
Orientation

1 1 2 5

Wind speed, Euclidean_D,
Orientation

3 3 3 4

Wind speed, Humidity,
Euclidean_D, Orientation

6 2 5 7

Euclidean_D, Orientation 5 5 1 1
Temperature, Euclidean_D,
Orientation

2 7 7 3

Temperature, Humidity,
Euclidean_D, Orientation

4 4 6 2

Wind speed, Temperature,
Euclidean_D, Orientation

7 8 8 6

Wind speed, Temperature,
Humidity, Euclidean_D,
Orientation

8 6 4 8
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(humidity, Euclidean_D, and Orientation). Similar to the ANN model, the SVR model

highlights the importance of humidity in capturing PM2.5 concentrations.

The Long Short-Term Memory (LSTM) model exhibited a different pattern. Here, the

most influential combination (79.62% accuracy, Table 4.6) included only spatial features

(Euclidean_D and Orientation). This suggests the LSTM model’s strength in learning

from the spatial distribution of pollutant sources. However, combinations involving

humidity and wind speed alongside spatial features also demonstrated notable predictive

power, which is consistent with prior research on the crucial role of these meteorological

factors in PM2.5 dynamics (Won et al., 2021; S. Zhang et al., 2023).

The Random Forest model achieved a lower overall accuracy (64.16%, when trained

with inclusion, and without the inclusion of the either parameters as training features,

Table 4.7) compared to the other models. The most effective combination included

temperature, humidity, Euclidean_D, and Orientation. This finding aligns with current

studies highlighting the importance of wind speed and humidity in PM prediction models,

as they significantly influence particulate matter dispersion and behavior (Won et al.,

2021).

Despite some variations in feature importance across the models, all models highlighted

the significant influence of weather parameters (humidity, temperature, and wind speed)

on PM2.5 prediction. This aligns with existing research demonstrating the crucial role of

these factors in PM2.5 concentrations across different spatial scales.

Table 4.10 presents the feature importance analysis for ANN, SVR, LSTM, and Random

Forest models in predicting PM10 concentrations across a 160-meter radius. The analysis

highlights the varying impacts of different feature combinations on model accuracy.

The ANN model demonstrated strong predictive capability for PM10 concentrations

(average accuracy: 88.44%, Table 4.4), with weather parameters (wind speed,
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temperature) and spatial features (Euclidean_D, Orientation) playing essential roles. The

most influential combination included wind speed (essential for dispersion), temperature,

Euclidean_D, and Orientation (capturing spatial variations), achieving an accuracy of

88.44%. This aligns with existing research emphasizing the importance of both weather

and spatial features in air quality modeling (Shiferaw et al., 2023).

Table 4.10

Feature Importance Ranking for PM10 Prediction Models.

Source: Research data, 2024.

The SVR model’s performance (average accuracy: 80.46%, Table 4.5) also indicated the

influence of different feature combinations. The most impactful combination included

wind speed, humidity, Euclidean_D, and Orientation, achieving an accuracy of 80.46%.

This aligns with current studies highlighting the importance of wind speed for transport

and humidity for particle dynamics (Saiohai et al., 2023). Interestingly, wind speed

showed a lower impact when combined solely with Euclidean_D and Orientation (47.4%

Feature Combination ANN Rank SVR Rank LSTM Rank RandomForest
Rank

Humidity, Euclidean_D,
Orientation

6 2 2 3

Temperature,
Euclidean_D, Orientation

7 3 1 3

Wind speed, Humidity,
Euclidean_D, Orientation

4 1 5 5.5

Temperature, Humidity,
Euclidean_D, Orientation

3 4 6 1

Wind speed, Temperature,
Euclidean_D, Orientation

1 5 3 7.5

Wind speed, Temperature,
Humidity, Euclidean_D,
Orientation

8 6 4 6

Euclidean_D, Orientation 2 8 8 5.5
Wind speed, Euclidean_D,
Orientation

5 7 7 7.5
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and 45.21% accuracy, respectively, Table 4.5), suggesting its effectiveness increases

when combined with other relevant features like humidity.

The LSTM model’s performance (average accuracy: 81.23%, Table 4.6) emphasized the

role of spatial features and temperature. The most influential combination included

temperature, Euclidean_D, and Orientation (accuracy: 81.23%). Temperature likely

influences chemical reactions and particle behavior (Batmunkh et al., 2013). Humidity

also played a significant role, with the combination of humidity, Euclidean_D, and

Orientation achieving an accuracy of 80.74% (Table 4.6). However, the validation results

raised concerns about generalization ability. While training and validation metrics were

relatively close, higher RMSE and MAE values during validation suggest potential

overfitting.

The Random Forest model’s performance (Table 4.7) presented lower average accuracy

results. The most influential combination included all features (temperature, humidity,

Euclidean_D, and Orientation), achieving an accuracy of 62.33%. This contradicts the

typical preference of Random Forest models for simpler feature sets. However, it

suggests that for PM10 prediction, comprehensive consideration of weather and spatial

features might be beneficial. Interestingly, simpler combinations with only spatial

features showed lower accuracies (around 62%, Table 4.7), highlighting the importance

of weather parameters. Despite relatively close training and validation metrics, higher

validation RMSE and MAE values suggest potential overfitting issues (Hawkins, 2004;

Kolluri et al., 2020).

Through the analysis, all models highlighted the importance of weather parameters (wind

speed, temperature, humidity) and spatial features (Euclidean_D, Orientation) in PM10

concentration prediction. However, the ranking of feature importance and overall

accuracy varied across models. ANN and SVR achieved higher accuracies than LSTM
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and Random Forest. Generalization ability was a concern for LSTM and Random Forest

models, requiring further tuning and validation for real-world application. These findings

align with current research emphasizing the complex interplay between weather

conditions, spatial factors, and PM10 concentrations.

4.2.6 Validating the ANNS model as the best performer

The pre-deployment analysis reveals the performance of various machine learning

models in predicting PM concentrations at the PoI, with a specific focus on the ANN,

SVR, LSTM, and RandomForest models. The analysis highlights the ANN model’s

superior performance in predicting the spatial distribution of PM1.0, PM2.5, and PM10

concentrations across different feature combinations within a 160-meter radius from the

central sensor node.

For PM1.0, the ANN model trained with the combination of wind speed, temperature,

Euclidean_D, and Orientation emerged as the best-performing model. It achieved the

highest validation score of 0.9756 and the lowest RMSE (1.7201) and MAE (0.7952)

values, indicating its effectiveness in spatially predicting PM concentrations. The

inclusion of wind speed and temperature significantly enhanced the model’s performance,

demonstrating the critical importance of these weather parameters in achieving accurate

predictions. This combination underscores the ANN model’s capability to capture the

complex dynamics of PM1.0 distribution, surpassing other models like SVR, LSTM, and

RandomForest in terms of predictive accuracy.

Among the models evaluated, the ANN model also proved to be the most suitable for

predicting PM2.5 concentrations. It achieved the highest training and validation

scores of 0.9805 and 0.9789, respectively, along with the lowest RMSE (2.2139) and

MAE (1.0012). These metrics highlight the ANN model’s robustness and precision in

handling PM2.5 data, outperforming SVR, LSTM, and RandomForest models. The
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ability of the ANN model to consistently achieve high scores while maintaining low

error rates validates its selection as the best-performing model for PM2.5 prediction. The

model’s enhanced performance with the inclusion of weather parameters such as

humidity and Euclidean_D further emphasizes the importance of incorporating dynamic

atmospheric conditions in predictive modeling.

In predicting PM10 concentrations, the ANN model achieved a validation of 0.9775,

indicating a strong fit. This was further improved to 0.9793 upon incorporating wind

speed and temperature, accompanied by a decrease in RMSE from 2.2310 to 2.1430 and

MAE from 1.1120 to 1.0037. These improvements highlight the model’s enhanced

precision and its ability to minimize prediction errors. The minimal deviation from actual

PM10 concentrations, with an average prediction error of 1.0037 µg/m³, underscores the

significance of wind speed and temperature in refining the ANN model’s performance.

This analysis confirms that the ANN model’s predictive accuracy for PM10 is

significantly enhanced by the inclusion of critical weather parameters, making it the most

reliable model among those tested.

The instantaneous average prediction accuracy further validates the ANN model’s

superiority. For PM1.0, the highest accuracy of 87.35% is achieved with the combination

of wind speed, temperature, Euclidean_D, and Orientation, underscoring the importance

of these parameters in boosting the model’s predictive capability. Similarly, for PM2.5,

the combination of humidity and Euclidean_D alongside Orientation yields the highest

accuracy of 88.73%, indicating the substantial impact of humidity on the model’s

performance. For PM10, the combination of wind speed, temperature, Euclidean_D, and

Orientation stands out with an accuracy of 88.44%, highlighting the importance of both

wind speed and temperature in predicting larger particulate matter concentrations.
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This analysis establishes the ANN model as the best-performing and most suitable model

for predicting PM concentrations across all feature combinations and PM scales. The

superior scores, RMSE, and MAE metrics consistently position the ANN model

ahead of SVR, LSTM, and RandomForest, validating its selection for further post-

deployment analysis on unseen data. The focus of the post-deployment analysis will be

on the selected ANN model, given its demonstrated impressive performance in

predicting PM1.0, PM2.5, and PM10 concentrations across various feature combinations

and its capacity to generalize effectively from the training data to unseen data.

4.3 Assessment of Models’ Prediction Accuracies with Distance

The post-deployment evaluation centered on the selected ANN model’s capability to

predict PM concentrations (PM1.0, PM2.5, and PM10) within a 160-meter radius from a

central sensor node using unseen data. To evaluate the influence of weather data on

prediction accuracy, two model configurations were analyzed. The first model was

trained solely with geometric features, including Euclidean_D and Orientation. The

second model incorporated both geometric features and the most impactful weather

parameters identified during the pre-deployment analysis: wind speed and temperature

for PM1.0 and PM10, and humidity for PM2.5.

Three techniques were used to assess the model’s performance. The first technique,

Instantaneous Concentration Comparison, involved directly comparing actual and

predicted PM concentrations at various points within the 160-meter radius, providing

immediate insights into prediction accuracy. The second technique, Signal Energy

Analysis, evaluated overall prediction accuracy by calculating the energy of both actual

and predicted PM concentration profiles across the entire radius. The percentage error in

signal energy, derived from equation 3.12, measured the difference between these

profiles, highlighting how closely the predicted profile matched actual variations in PM
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concentration over space. This approach is particularly useful for discrete data, where

each point corresponds to a specific location within the radius.

The third technique, Moving Average Analysis, smoothed out short-term fluctuations in

the instantaneous prediction accuracy data, using equation 4.1. This analysis revealed

trends in accuracy across varying distances from the sensor node, offering a clearer

picture of the model’s performance as distance changes. The results of these analyses are

depicted in Figures 4.1, 4.2, 4.3, 4.4, 4.5, and 4.6, providing insights into the ANN

model’s effectiveness and the impact of incorporating weather parameters on its

predictive capabilities.

4.3.1 Post-deployment results

Figure 4.1 illustrates the alignment between predicted and actual PM1.0 concentrations

within the 160-meter radius. The ANN model trained with both geometric features and

weather parameters (wind speed and temperature) exhibits a closer alignment with actual

PM1.0 concentrations compared to the model using only geometric features. This

improved alignment suggests that incorporating weather data enhances the model’s

ability to capture the spatial distribution of PM1.0.

This finding is further supported by the signal energy analysis. The model with weather

data achieved a lower signal energy error, reflected in a reduced percentage error of

around 3.13% compared to 4.25% for the model without weather data. This signifies a

smaller divergence between the predicted and actual PM1.0 concentration profiles across

the entire radius.
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Source: Research Data 2024.

Figure 4.2 illustrates the smoothened prediction accuracy profile of the Artificial Neural

Network (ANN) model for PM1.0 concentrations across increasing distances from the

central sensor node).

(a) (b)

(c) (d)

Figure 4.1

Prediction Accuracy of ANN Model for PM1.0 Concentrations across a160-Meter



77

Source: Research Data 2024.

Figure 4.2 provides further support for the findings depicted in Figure 4.1. It depicts

smoothed prediction accuracy profiles for both models across the radius. The model

incorporating weather data (blue line) maintains a consistently higher and more stable

accuracy level compared to the model without weather data (red line). Notably, the red

line shows a dip in accuracy between 10 and 25 meters from the sensor node. This dip

aligns with the potential challenges arising from uneven training data distribution across

spatial areas. It underscores the importance of well-balanced datasets in achieving robust

model performance across the entire prediction range.

(c) (b)

(c)
(d)

Figure 4.2

Smoothened PM1.0 ANN Prediction Accuracy with Change in Distance.
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Figure 4.3 illustrates the alignment between predicted and actual PM2.5 concentrations

within a 160-meter radius. The ANN model trained with both geometric features and the

impactful weather parameter (humidity) showed a better alignment with the actual

PM2.5 concentrations compared to the model using only geometric features. This is

evident from the closer correspondence between the predicted and actual concentration

profiles.

Source: Research data, 2024.

(a) (b)

(c) (d)

Figure 4.3

Prediction Accuracy of ANN Model for PM2.5 Concentrations across a 160-Meter

Radius from Central Sensor Node.



79

Additionally, the inclusion of weather data in the model led to a lower signal energy

error, as demonstrated by a reduced percentage error (around 2.13% compared to 3.14%).

This indicates that the model with weather data captured the overall variations in PM2.5

concentration across the spatial range more accurately.

Source: Research data, 2024.

Figure 4.4 illustrates the smoothened prediction accuracy profile of the Artificial Neural

Network (ANN) model for PM2.5 concentrations across increasing distances from the

central sensor node).

(a) (b)

(c) (d)

Figure 4.4

Smoothened PM2.5 ANN Prediction Accuracy with Change in Distance.
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Supporting Figure 4.3, Figure 4.4 depicts the smoothed prediction accuracy profiles for

PM2.5 concentrations. The ANN model with weather data (blue line) maintained higher

and more consistent accuracy across distances compared to the model without weather

data (red line). The red line shows a dip in accuracy, particularly pronounced between

the and meters from the sensor node. This dip suggests potential challenges

arising from uneven training data distribution across spatial domains. It highlights the

importance of a well-balanced dataset for achieving robust model performance across the

entire area of interest.

Figure 4.5 illustrates the alignment between predicted and actual PM10 concentrations

within the 160-meter radius. The ANN model trained with both geometric features and

weather parameters (wind speed and temperature) demonstrates a closer alignment with

the actual PM10 concentrations compared to the model using only geometric features.

This improved alignment is reflected in a lower signal energy error. As shown in the

figure, the percentage error is around 2.63% for the model with weather data, compared

to 2.67% for the model without. This signifies that incorporating weather data helps the

model capture the spatial variations in PM10 concentrations more accurately.
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Source: Research data, 2024.

Supporting Figure 4.5, Figure 4.6 depicts the smoothed prediction accuracy profiles for

both model configurations. While the accuracy profiles are generally close, the model

with weather data (blue line) maintains a consistently higher accuracy across most

distances compared to the model without weather data (red line). Notably, the red line

shows a dip in accuracy around 30 meters from the central sensor node. This dip

suggests potential challenges arising from uneven training data distribution across spatial

(a) (b)

(c) (d)

Figure 4.5

Prediction Accuracy of ANN Model for PM10 Concentrations across a 160-Meter

Radius from Central Sensor Node.
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areas. A well-balanced dataset encompassing a wider range of spatial variations is crucial

for ensuring robust model performance across the entire 160-meter radius.

Source: Research data, 2024.

The results in Figure 4.6 illustrates the smoothened prediction accuracy profile of the

Artificial Neural Network (ANN) model for PM10 concentrations across increasing

distances from the central sensor node.

4.3.2 Post-deployment results discussion

The post-deployment analysis of the ANN model performance highlights its robustness

in predicting PM1.0, PM2.5, and PM10 concentrations within a 160-meter radius of a

central sensor node. Figures 4.1, 4.3, and 4.5 depict the alignment between predicted and

(a) (b)

(c) (d)

Figure 4.6

Smoothened PM10 ANN Prediction Accuracy with Change in Distance.
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actual concentrations for these particulate matter scales, showing that the ANN model

trained with both geometric features and weather parameters (wind speed, temperature,

and humidity) aligns more closely with actual measurements compared to the model

using only geometric features. This is evidenced by lower signal energy errors, with

percentage errors of around 3.13% for PM1.0, 2.13% for PM2.5, and 2.63% for PM10

when weather data is included, compared to 4.25%, 3.14%, and 2.67%, respectively, for

models without weather data. These results underscore the enhanced ability of the ANN

model to capture the spatial distribution of particulate matter concentrations accurately

when weather parameters are integrated.

Figures 4.2, 4.4, and 4.6 further support these findings by providing smoothed prediction

accuracy profiles. The ANN model incorporating weather data (blue line) maintains

consistently higher and more stable accuracy levels across the radius compared to the

model without weather data (red line). Notably, the red line shows dips in accuracy, such

as between the and meters for PM1.0, the and meters for PM2.5, and

around 30 meters for PM10. These dips indicate potential challenges due to uneven

training data distribution across spatial domains, emphasizing the importance of well-

balanced datasets for achieving robust model performance.

The comparison of signal energy percentage errors and the instant alignment of

predictions with actual data reveal that including weather parameters significantly

improves the ANN model’s performance across all particulate matter scales. For instance,

the lower and closely matched signal energy percentage errors for PM10 ANN model’s

performance at 2.63% (with weather data) and 2.67% (without weather data) correspond

to the close average prediction accuracy reported in Table 4.7, validating the consistency

of the model’s performance with different feature configurations.
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The use of geometric features and feature engineering, combined with meteorological

parameters, significantly enhances the model’s performance. The ANN model’s

instantaneous performance remains relatively high, above 86%, as depicted in Figures

4.1 for PM1.0, 7 for PM2.5, and 9 for PM10. This high level of accuracy across different

distances from the central sensor node confirms the robustness and reliability of the

ANN model for predicting particulate matter concentrations.

These findings align with current studies emphasizing the impact of meteorological

factors on air quality predictions. Research by (Li et al., 2019; Tai et al., 2011), and

others highlights the critical role of weather parameters such as wind speed and

temperature in improving model performance. However, the unique approach of this

study in transforming GPS spatial data to radians for distance computations and

incorporating these transformed geometric features alongside weather data distinguishes

it from other studies. Most existing research has not extensively explored distance-based

feature engineering in the context of air quality prediction, making this study’s

methodology and findings particularly noteworthy.

The superior performance of the ANN model compared to LSTM and SVR can be

attributed to its inherent ability to learn complex, nonlinear relationships, making it well-

suited for modeling air pollution dynamics. The experimental data exhibits strong spatial

dependencies influenced by meteorological factors, which ANN effectively captures by

leveraging its multi-layered structure. Unlike LSTM, which excels in sequential time-

series forecasting but may struggle with purely spatial relationships, ANN adapts more

flexibly to structured spatial features without relying on temporal dependencies.

Similarly, while SVR performs well in capturing simple relationships, it lacks the

capacity to fully exploit the interactions between geometric features and weather

parameters, leading to reduced accuracy in predicting PM concentrations across varied
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spatial domains. The ANN model’s ability to integrate and interpret both physical and

spatial characteristics of the data accounts for its consistently higher accuracy and lower

error rates, as demonstrated in Figures 4.1 through 4.6. This confirms its suitability for

modeling particulate matter concentrations, particularly in heterogeneous environments

where multiple influencing factors interact in a nonlinear manner.
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CHAPTER FIVE: CONCLUSION, RECOMMENDATIONS AND

PUBLICATION

5.1 Conclusion

The primary goal of this research was to apply machine learning models for estimating

particulate matter pollutants in the air and inferring their spatial distribution within a

specified radius. Current PM monitoring systems are often limited to single-point

readings and lack the capability to map PM distribution effectively. Deploying a dense

network of sensors for multi-point data collection is resource-intensive and impractical.

To address these challenges, this study utilized an IoT-enabled sensor system and

leveraged machine learning models to predict PM concentrations over a 160-meter radius

from a central sensor node.

The first objective involved utilizing an IoT-enabled sensor system to measure

particulate pollutant concentrations, spatial data (Latitude and Longitude), and

meteorological parameters (Wind speed, ambient Temperature, and Humidity). The

sensor nodes collected raw PM concentration data, which was preprocessed to extract

relevant input features (Wind speed, Temperature, Humidity, Euclidean_D, and

Orientation) and target features (PM1.0, PM2.5, and PM10). These features were used to

train and validate four machine learning models: ANN, SVR, LSTM, and RandomForest.

The second objective focused on assessing the impact of integrating meteorological

parameters as input features for training machine learning models to predict the spatial

distribution of particulate matter concentrations within a specified geographic area using

limited local measurements. This assessment was conducted through pre-deployment

analysis, where the ANN model demonstrated superior performance among the four

evaluated models. The models were trained to predict PM values at a given distance from

a reference point, referred to as the Point of Interest (PoI). The model inputs included
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PM values at the reference point and geometric features such as Euclidean_D and

Orientation. Additional models were trained using PM values at the reference point,

geometric features, and meteorological data (wind speed, temperature, and humidity).

Performance was evaluated using R² scores, RMSE, and MAE.

The third objective validated the ANN model’s performance through post-ML model

deployment analysis. The model’s predictive accuracy was tested on unseen data to

estimate PM concentrations within a 160-meter radius from the central sensor node. The

evaluation compared ANN models trained with only geometric features to those

incorporating both geometric and meteorological features. The inclusion of weather

parameters significantly enhanced accuracy, as evidenced by lower signal energy

percentage errors and improved instantaneous prediction precision across all PM scales.

Results indicated that the ANN model trained with a combination of geometric features

and meteorological parameters achieved lower signal energy errors and higher prediction

accuracy compared to the model trained with only geometric features. For example,

when weather data was included, percentage errors were approximately 3.13% for

PM1.0, 2.13% for PM2.5, and 2.63% for PM10, whereas models trained without weather

data yielded errors of 4.25%, 3.14%, and 2.67%, respectively. Figures 4.1, 4.3, and 4.5

illustrate the improved alignment between predicted and actual PM concentrations, while

Figures 4.2, 4.4, and 4.6 present smoothed prediction accuracy profiles, demonstrating

consistently higher accuracy levels when weather data was included.

The novelty of this study lies in examining the impact of meteorological parameters on

ML-based PM prediction, employing a feature engineering approach that transforms raw

GPS data into radians for distance computations, and integrating geometric features

(Euclidean_D and Orientation) in model training. This approach differs from existing

studies, which often overlook distance-based feature engineering. The inclusion of wind
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speed, temperature, and humidity significantly improved the ANN model’s predictive

performance, as indicated by high R² scores, low RMSE, and low MAE values.

Compared to existing research, the findings align with studies by Qiao et al. (2022), Tai

et al. (2011), and Won et al. (2021), which highlight the influence of meteorological

factors on air quality predictions. However, this study uniquely incorporates transformed

geometric features alongside weather data, offering new insights into the advantages of

combining these features for more accurate air quality modeling.

Overall, this research demonstrates the effectiveness of machine learning models,

particularly ANN, in predicting PM concentrations and their spatial distribution within a

specified radius. The findings underscore the importance of integrating meteorological

parameters and geometric features to enhance model performance, providing a cost-

effective solution for comprehensive air quality monitoring. This approach mitigates the

limitations of single-point monitoring systems and generates valuable data for

environmental regulators, policymakers, and future research initiatives, contributing to

improved air quality management and public health protection.

5.2 Recommendations

Expanding the number of reference points within the study area presents an opportunity

to further enhance the accuracy and reliability of machine learning models for PM

concentration prediction. The inclusion of additional sensor nodes would increase spatial

coverage, enabling models to capture finer variations in pollutant distribution across

different microenvironments. A denser network of reference points would reduce

interpolation gaps and improve model generalizability, particularly in regions where

pollutant dispersion is influenced by localized meteorological and topographical factors.

Future research should explore the impact of multiple reference nodes by employing

similar approaches as applied in this study while investigating how the increased data
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granularity refines model predictions. Comparative analyses between models trained on

sparse and dense sensor networks would provide valuable insights into optimal

deployment strategies for air quality monitoring.

Incorporating distance-based features, such as Euclidean distance transformed using the

haversine function, enhances model accuracy by capturing the spatial distribution of

particulate matter concentrations. These features provide essential insights into how

pollutant levels vary across different locations, particularly in relation to emission

sources. Since PM concentrations generally decline with distance from the source,

integrating spatial data ensures that models better reflect real-world dispersion patterns,

improving predictive accuracy and reliability.

Addressing uneven data distribution through distance-based data filling techniques is

essential for ensuring unbiased model predictions across different spatial domains. When

sensor coverage is sparse in certain areas, models trained on imbalanced datasets may

exhibit localized biases that compromise generalizability. Distance-weighted

interpolation or extrapolation methods can mitigate this issue by generating

representative training datasets that ensure consistent learning across diverse

environmental conditions. This enhancement leads to more robust models capable of

delivering accurate PM concentration estimates regardless of variations in sensor density.

Investigating how model performance varies with distance from monitoring stations

provides crucial insights for optimizing sensor network design. Understanding the rate at

which prediction accuracy degrades with increasing distance allows for strategic sensor

placement, ensuring optimal spatial coverage. This analysis can also inform the

development of correction mechanisms to compensate for potential accuracy losses in

regions with lower sensor density. Refining deployment strategies based on these
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insights would enable air quality monitoring systems to achieve higher precision in

capturing pollutant variations across different urban and industrial landscapes.

Determining the optimal model configuration requires extensive experimentation with

different feature sets and neural network architectures. While ANN has demonstrated

superior predictive capabilities by effectively integrating geometric and meteorological

data, further studies should explore additional feature engineering approaches tailored to

specific pollutants and environmental contexts. Comparative evaluations of alternative

architectures, including convolutional and recurrent neural networks, could provide

deeper insights into the most effective configurations for different air quality monitoring

scenarios. The results of such analyses would refine model selection strategies, ensuring

that the most suitable algorithms are applied to maximize predictive performance.

A promising direction for future research is the application of Physics-Informed Neural

Networks (PINNs) in air quality modeling. Unlike conventional data-driven models,

PINNs integrate physical constraints and domain knowledge directly into the learning

process, allowing them to capture underlying pollutant dispersion mechanisms more

accurately. Given the strong spatial dependencies in air pollution dynamics,

incorporating physics-based formulations alongside data-driven learning could lead to

more interpretable and generalizable models. A direct comparison between PINNs and

ANN under the same experimental framework would provide valuable insights into

whether physics-informed approaches enhance performance in complex spatial modeling

tasks. This investigation could set a foundation for more advanced hybrid modeling

techniques, combining data-driven flexibility with the fundamental principles governing

pollutant transport and transformation.

Evaluating model performance across diverse environmental settings, including regions

near major emission sources and downwind of industrial zones, ensures robustness and



91

adaptability. Since air quality varies significantly with local meteorological and

geographic factors, validating predictive models across different contexts allows for the

identification of strengths and limitations in various conditions. This comparative

analysis facilitates the refinement of machine learning models, improving their

applicability to real-world air monitoring challenges. Advancing the integration of data-

driven and physics-informed methodologies would enhance the accuracy, interpretability,

and deployment potential of ML-based air quality prediction systems.

5.3 Publication

Kimuya, A. M., Maitethia, D. M., & Kinyua, D. M. (2025). Development of integrated

machine learning model for estimation of spatial distribution of particulate matter

pollutant in air. Environmental Research Communications. Advance online

publication. https://doi.org/10.1088/2515-7620/adfb46.

https://doi.org/10.1088/2515-7620/adfb46
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APPENDICES

The analysis presented through Appendix I to Appendix IV was conducted on Google

Colab, leveraging Python’s robust ecosystem for machine learning development. The

implementation utilized key libraries including Keras for neural network architectures

(ANNs, LSTM), scikit-learn for Support Vector Regression (SVR) and Random Forest

models, and pandas for data manipulation. Preprocessing tasks such as noise reduction

via median filtering and categorical encoding were executed using NumPy and scikit-

learn, while model performance was assessed through standardized metrics (R², RMSE,

MAE) and visualized with Matplotlib. The integrated workflow, from data ingestion to

model persistence with joblib and TensorFlow, underscores a reproducible, cloud-based

computational environment tailored for scalable machine learning experimentation and

validation.
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Appendix I: Implementation of the ANNs PM Model

# Import necessary libraries
import numpy as np
import pandas as pd
from sklearn.preprocessing import LabelEncoder
from sklearn.metrics import r2_score, mean_squared_error, mean_absolute_error
from keras.models import Sequential
from keras.layers import Dense
from keras.optimizers import Adam
import matplotlib.pyplot as plt

# Define function for 1D median filtering
def median_filter_1d(signal):
"""Performs median filtering on a 1D signal."""
filtered_signal = np.empty_like(signal)
for i in range(signal.shape[0]):
median = np.median(signal[max(0, i-1):min(signal.shape[0], i+2)])
filtered_signal[i] = median

return filtered_signal

# Load dataset
data = pd.read_csv('PM_Training_DataSet_2024.csv')

# Apply median filtering to PM columns
filtered_data = data.copy()
for column in ['PM1.0', 'PM2.5', 'PM10']:
filtered_data[column] = median_filter_1d(data[column].values)

# Save filtered dataset
filtered_data.to_csv('PM_Filtered_Training_Dataset.csv', index=False)
print("Filtered data saved as 'PM_Filtered_Training_Dataset.csv'.")

# Read filtered dataset
filtered_data = pd.read_csv('PM_Filtered_Training_Dataset.csv')

# Encode categorical variable 'Orientation' using LabelEncoder
le = LabelEncoder()
filtered_data['Orientation'] = le.fit_transform(filtered_data['Orientation'])

# Define timesteps
timesteps = 3

# Define feature combinations
feature_combinations = [
['Euclidean_D', 'Orientation'],
['Wind speed', 'Euclidean_D', 'Orientation'],
['Temperature', 'Euclidean_D', 'Orientation'],
['Humidity', 'Euclidean_D', 'Orientation'],
['Temperature', 'Humidity', 'Euclidean_D', 'Orientation'],
['Wind speed', 'Temperature', 'Euclidean_D', 'Orientation'],
['Wind speed', 'Humidity', 'Euclidean_D', 'Orientation'],
['Wind speed', 'Temperature', 'Humidity', 'Euclidean_D', 'Orientation']

]

# Define parameters and epochs for each PM type
parameters = {
'PM1.0': {'epochs': 30},
'PM2.5': {'epochs': 40},
'PM10': {'epochs': 35}

}

# Loop through each parameter and feature combination
for parameter in parameters:
for features in feature_combinations:
feature_columns = features + [parameter]
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parameter_index = filtered_data.columns.get_loc(parameter)

# Split data into train, validation, and test sets
train_size = int(len(filtered_data) * 0.8)
val_size = int(len(filtered_data) * 0.1)
train_data = filtered_data.iloc[:train_size, :].values
val_data = filtered_data.iloc[train_size:train_size+val_size, :].values
test_data = filtered_data.iloc[train_size+val_size:, :].values

# Prepare train, validation, and test data with timesteps
X_train, y_train = [], []
for i in range(timesteps, len(train_data)):
X_train.append(train_data[i - timesteps:i, filtered_data.columns.get_indexer(feature_columns)])
y_train.append(train_data[i, parameter_index])

X_train, y_train = np.array(X_train), np.array(y_train)

# Repeat for validation set
X_val, y_val = [], []
for i in range(timesteps, len(val_data)):
X_val.append(val_data[i - timesteps:i, filtered_data.columns.get_indexer(feature_columns)])
y_val.append(val_data[i, parameter_index])

X_val, y_val = np.array(X_val), np.array(y_val)

# Repeat for test set
X_test, y_test = [], []
for i in range(timesteps, len(test_data)):
X_test.append(test_data[i - timesteps:i, filtered_data.columns.get_indexer(feature_columns)])
y_test.append(test_data[i, parameter_index])

X_test, y_test = np.array(X_test), np.array(y_test)

# Reshape input data
X_train = np.reshape(X_train, (X_train.shape[0], timesteps * len(feature_columns)))
X_val = np.reshape(X_val, (X_val.shape[0], timesteps * len(feature_columns)))
X_test = np.reshape(X_test, (X_test.shape[0], timesteps * len(feature_columns)))

# Define and compile neural network model
model = Sequential()
model.add(Dense(100, input_shape=(timesteps * len(feature_columns),), activation='relu'))
model.add(Dense(50, activation='relu'))
model.add(Dense(1))
optimizer = Adam(learning_rate=0.001)
model.compile(optimizer=optimizer, loss='mean_squared_error')

# Train model
model.fit(X_train, y_train, epochs=parameters[parameter]['epochs'], batch_size=256, validation_data=(X_val,

y_val))

# Save model
model.save(f'ann_{parameter}_{"_".join(features)}_model.h5')

# Make predictions
train_predictions = model.predict(X_train).flatten()
val_predictions = model.predict(X_val).flatten()
test_predictions = model.predict(X_test).flatten()

# Calculate evaluation metrics
train_r2 = r2_score(y_train, train_predictions)
train_rmse = np.sqrt(mean_squared_error(y_train, train_predictions))
train_mae = mean_absolute_error(y_train, train_predictions)

val_r2 = r2_score(y_val, val_predictions)
val_rmse = np.sqrt(mean_squared_error(y_val, val_predictions))
val_mae = mean_absolute_error(y_val, val_predictions)

test_r2 = r2_score(y_test, test_predictions)
test_rmse = np.sqrt(mean_squared_error(y_test, test_predictions))
test_mae = mean_absolute_error(y_test, test_predictions)
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# Print evaluation metrics
print("Parameter:", parameter)
print("Features:", features)
print("Train R^2 Score:", train_r2)
print("Train RMSE:", train_rmse)
print("Train MAE:", train_mae)
print("Validation R^2 Score:", val_r2)
print("Validation RMSE:", val_rmse)
print("Validation MAE:", val_mae)
print("Test R^2 Score:", test_r2)
print("Test RMSE:", test_rmse)
print("Test MAE:", test_mae)
print()

# Plot actual vs. predicted values for training set
plt.figure(figsize=(8, 6))
plt.plot(range(100), y_train[:100], 'r-', linestyle='--', label='Actual (Training)')
plt.plot(range(100), train_predictions[:100], 'g-', label='Predicted (Training)')
plt.xlabel('Sample')
plt.ylabel(parameter + ' Concentration')
plt.title(f'Actual vs. Predicted {parameter} Concentration (Training)')
plt.legend()
plt.tight_layout()
plt.show()

# Plot actual vs. predicted values for validation set
plt.figure(figsize=(8, 6))
plt.plot(range(100), y_val[:100], 'r-', linestyle='--', label='Actual (Validation)')
plt.plot(range(100), val_predictions[:100], 'g-', label='Predicted (Validation)')
plt.xlabel('Sample')
plt.ylabel(parameter + ' Concentration')
plt.title(f'Actual vs. Predicted {parameter} Concentration (Validation)')
plt.legend()
plt.tight_layout()
plt.show()

# Plot actual vs. predicted values for test set
plt.figure(figsize=(8, 6))
plt.plot(range(100), y_test[:100], 'r-', linestyle='--', label='Actual (Testing)')
plt.plot(range(100), test_predictions[:100], 'g-', label='Predicted (Testing)')
plt.xlabel('Sample')
plt.ylabel(parameter + ' Concentration')
plt.title(f'Actual vs. Predicted {parameter} Concentration (Testing)')
plt.legend()
plt.tight_layout()
plt.show()
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Appendix I provides a detailed overview of the data processing and model development

steps employed to analyze particulate matter (PM) concentrations, including PM1.0,

PM2.5, and PM10. Initially, the dataset undergoes a median filtering process to reduce

noise and ensure the integrity of the PM readings. The data is then prepared for machine

learning by encoding categorical variables and constructing features based on time series

inputs. The analysis involves training artificial neural networks (ANNs) on various

feature combinations to predict PM concentrations, using different models for each type

of PM. The models are trained and validated using distinct data subsets, with

performance metrics such as R-squared, RMSE, and MAE computed for the training,

validation, and test datasets. The appendix further includes visual comparisons between

the actual and predicted values for each PM type, showcasing the model's effectiveness.

Each trained model is saved for future reference, highlighting the methodological rigor

and attention to detail in capturing the complex relationships between environmental

factors and PM levels.



118

Appendix II: Implementation of SVR PMModel

import numpy as np
import pandas as pd
from sklearn.metrics import r2_score, mean_squared_error, mean_absolute_error
from sklearn.svm import SVR
import matplotlib.pyplot as plt
import joblib
from sklearn.model_selection import train_test_split
from sklearn.preprocessing import LabelEncoder
from scipy.signal import medfilt

# Load the data
data = pd.read_csv('PM_Training_DataSet_2024.csv') # Replace 'PM_Training_DataSets.csv' with your dataset
filename

# Convert non-numerical data in "Orientation" to numerical
le = LabelEncoder()
data['Orientation'] = le.fit_transform(data['Orientation'])

# Select the parameters to consider ('PM1.0', 'PM2.5', 'PM10')
parameters = ['PM1.0', 'PM2.5', 'PM10']

# Set SVR parameters
svr_params = {
'C': 100, # Penalty parameter C
'epsilon': 3, # Epsilon parameter in the epsilon-insensitive loss function
'kernel': 'rbf' # Kernel function (e.g., 'linear', 'rbf', 'poly')

}

# Define the number of time steps
timesteps = 5 # Number of previous time steps to consider

# Define feature combinations
feature_combinations = [
['Euclidean_D', 'Orientation'],
['Wind speed', 'Euclidean_D', 'Orientation'],
['Temperature', 'Euclidean_D', 'Orientation'],
['Humidity', 'Euclidean_D', 'Orientation'],
['Temperature', 'Humidity', 'Euclidean_D', 'Orientation'],
['Wind speed', 'Temperature', 'Euclidean_D', 'Orientation'],
['Wind speed', 'Humidity', 'Euclidean_D', 'Orientation'],
['Wind speed', 'Temperature', 'Humidity', 'Euclidean_D', 'Orientation']

]

# Train and save models for each parameter and feature combination
for parameter in parameters:
for features in feature_combinations:
# Combine target parameter and selected features
selected_columns = [parameter] + features

# Apply 1D median signal filtering to selected variables
for column in selected_columns:
column_index = data.columns.get_loc(column)
data[column] = medfilt(data[column], kernel_size=3) # Set window size to 5

# Save the filtered data
filtered_filename = f'filtered_PM_Training_DataSets_{parameter}_{"_".join(features)}.csv'
data[selected_columns].to_csv(filtered_filename, index=False)

# Load the filtered data for training
filtered_data = pd.read_csv(filtered_filename)

# Split the data into training, validation, and testing sets
train_size = int(len(filtered_data) * 0.6)
validation_size = int(len(filtered_data) * 0.2)
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train_data = filtered_data.iloc[:train_size, :].values
validation_data = filtered_data.iloc[train_size:train_size + validation_size, :].values
test_data = filtered_data.iloc[train_size + validation_size:, :].values

# Prepare the training data
X_train, y_train = [], []
for i in range(timesteps, len(train_data)):
X_train.append(train_data[i - timesteps:i, :])
y_train.append(train_data[i, :])

X_train, y_train = np.array(X_train), np.array(y_train)

# Prepare the validation data
X_validation, y_validation = [], []
for i in range(timesteps, len(validation_data)):
X_validation.append(validation_data[i - timesteps:i, :])
y_validation.append(validation_data[i, :])

X_validation, y_validation = np.array(X_validation), np.array(y_validation)

# Prepare the testing data
X_test, y_test = [], []
for i in range(timesteps, len(test_data)):
X_test.append(test_data[i - timesteps:i, :])
y_test.append(test_data[i, :])

X_test, y_test = np.array(X_test), np.array(y_test)

# Reshape the input data for SVR
X_train = np.reshape(X_train, (X_train.shape[0], timesteps * len(selected_columns)))
X_validation = np.reshape(X_validation, (X_validation.shape[0], timesteps * len(selected_columns)))
X_test = np.reshape(X_test, (X_test.shape[0], timesteps * len(selected_columns)))

# Build the SVR model
model = SVR(**svr_params)

# Train the model on the combined training and validation data
X_combined = np.concatenate((X_train, X_validation), axis=0)
y_combined = np.concatenate((y_train[:, 0], y_validation[:, 0])) # Target parameter is at index 0

model.fit(X_combined, y_combined)

# Make predictions
train_predictions = model.predict(X_train)
validation_predictions = model.predict(X_validation)
test_predictions = model.predict(X_test)

# Compute evaluation metrics
train_r2 = r2_score(y_train[:, 0], train_predictions)
validation_r2 = r2_score(y_validation[:, 0], validation_predictions)
test_r2 = r2_score(y_test[:, 0], test_predictions)

train_rmse = np.sqrt(mean_squared_error(y_train[:, 0], train_predictions))
validation_rmse = np.sqrt(mean_squared_error(y_validation[:, 0], validation_predictions))
test_rmse = np.sqrt(mean_squared_error(y_test[:, 0], test_predictions))

train_mae = mean_absolute_error(y_train[:, 0], train_predictions)
validation_mae = mean_absolute_error(y_validation[:, 0], validation_predictions)
test_mae = mean_absolute_error(y_test[:, 0], test_predictions)

# Print the evaluation metrics for each parameter and feature combination
print(f"Parameter: {parameter}, Features: {features}")
print("Train R^2 Score:", train_r2)
print("Validation R^2 Score:", validation_r2)
print("Test R^2 Score:", test_r2)
print("Train RMSE:", train_rmse)
print("Validation RMSE:", validation_rmse)
print("Test RMSE:", test_rmse)
print("Train MAE:", train_mae)
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print("Validation MAE:", validation_mae)
print("Test MAE:", test_mae)
print()

# Save the trained model
model_filename = f"svr_{parameter}_model_{('_').join(features)}.joblib"
joblib.dump(model, model_filename)

# Plot the graph (only first 100 samples)
plt.figure(figsize=(8, 6))
plt.plot(range(100), y_train[:100, 0], 'r--', label='Actual (Training)')
plt.plot(range(100), train_predictions[:100], 'g', label='Predicted (Training)')
plt.xlabel('Sample')
plt.ylabel(parameter + ' Concentration')
plt.title(f'Actual vs. Predicted {parameter} Concentration (Training)')
plt.legend()
plt.tight_layout()
plt.show()

plt.figure(figsize=(8, 6))
plt.plot(range(100), y_validation[:100, 0], 'r--', label='Actual (Validation)')
plt.plot(range(100), validation_predictions[:100], 'g', label='Predicted (Validation)')
plt.xlabel('Sample')
plt.ylabel(parameter + ' Concentration')
plt.title(f'Actual vs. Predicted {parameter} Concentration (Validation)')
plt.legend()
plt.tight_layout()
plt.show()

plt.figure(figsize=(8, 6))
plt.plot(range(100), y_test[:100, 0], 'r--', label='Actual (Testing)')
plt.plot(range(100), test_predictions[:100], 'g', label='Predicted (Testing)')
plt.xlabel('Sample')
plt.ylabel(parameter + ' Concentration')
plt.title(f'Actual vs. Predicted {parameter} Concentration (Testing)')
plt.legend()
plt.tight_layout()
plt.show()

The code applies Support Vector Regression (SVR) to predict PM1.0, PM2.5, and PM10

concentrations using various feature combinations such as Euclidean Distance,

Orientation, Wind Speed, Temperature, and Humidity. The SVR model is trained using

filtered time-series data, incorporating a 5-timestep window for each feature combination.

The data is split into training, validation, and testing sets, and the model's performance is

evaluated using R², RMSE, and MAE metrics. The code also saves the trained models

and visualizes the predicted versus actual concentrations for the first 100 samples in the

training, validation, and testing sets.
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Appendix III: Implementation of LSTM PMModel

import numpy as np
import pandas as pd
from sklearn.preprocessing import MinMaxScaler, LabelEncoder, OneHotEncoder
from sklearn.metrics import r2_score, mean_squared_error, mean_absolute_error
from sklearn.model_selection import train_test_split
from keras.models import Sequential
from keras.layers import LSTM, Dense, Dropout
from keras.optimizers import Adam
import matplotlib.pyplot as plt

def median_filter_1d(signal, window_size=3):
"""Performs median filtering on a 1D signal."""
filtered_signal = np.empty_like(signal)
for i in range(signal.shape[0]):
median = np.median(signal[max(0, i - window_size + 1):i + 1])
filtered_signal[i] = median

return filtered_signal

# Load the original dataset
data = pd.read_csv('PM_Training_DataSet_2024.csv')

# Apply median filter to PM1.0, PM2.5, and PM10 columns
columns_to_filter = ['PM1.0', 'PM2.5', 'PM10']
for column in columns_to_filter:
data[column] = median_filter_1d(data[column])

# Save the filtered data to a new CSV file
filtered_data = data.copy()
filtered_data.to_csv('PM_Filtered_Training_DataSet_JAN.csv', index=False)

print("Filtered data saved as 'PM_Filtered_Training_DataSet_JAN.csv'.")

# Load and preprocess the filtered data
data = pd.read_csv('PM_Filtered_Training_DataSet_JAN.csv')

# Convert non-numeric values in "Orientation" to numerical
encoder = LabelEncoder()
data['Orientation'] = encoder.fit_transform(data['Orientation'])

# One-hot encode the "Orientation" column
onehot_encoder = OneHotEncoder(sparse=False)
orientation_encoded = onehot_encoder.fit_transform(data[['Orientation']])
data = pd.concat([data, pd.DataFrame(orientation_encoded)], axis=1)
data.drop('Orientation', axis=1, inplace=True)

# Define parameters and corresponding epoch values
parameters_epochs = {'PM1.0': 15, 'PM2.5': 20, 'PM10': 15}

# Define the number of time steps
timesteps = 3 # Number of previous time steps to consider

# Define filter size window
filter_window = 2

# Train and save models for each parameter and feature combination
features_combinations = [
['Euclidean_D', 'Orientation'],
['Wind speed', 'Euclidean_D', 'Orientation'],
['Temperature', 'Euclidean_D', 'Orientation'],
['Humidity', 'Euclidean_D', 'Orientation'],
['Temperature', 'Humidity', 'Euclidean_D', 'Orientation'],
['Wind speed', 'Temperature', 'Euclidean_D', 'Orientation'],
['Wind speed', 'Humidity', 'Euclidean_D', 'Orientation'],
['Wind speed', 'Temperature', 'Humidity', 'Euclidean_D', 'Orientation']
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]

for parameter in parameters_epochs.keys():
for features in features_combinations:
# Get the column index of the selected parameter
parameter_index = data.columns.get_loc(parameter)

# Select all features including the parameter column
selected_features = features + [parameter]
feature_indices = [i for i, col in enumerate(data.columns) if col in selected_features]

# Split the data into training, validation, and testing sets
train_size = int(len(data) * 0.8)
validation_size = int(len(data) * 0.1)
test_size = len(data) - train_size - validation_size

train_data, validation_data, test_data = np.split(data, [train_size, train_size + validation_size])

# Fit scaler only on the target parameter column
parameter_scaler = MinMaxScaler(feature_range=(0, 1))
parameter_scaler.fit(data.iloc[:, parameter_index].values.reshape(-1, 1))

# Apply median filter to the target parameter column
train_data[parameter] = median_filter_1d(train_data[parameter].values, window_size=filter_window)
validation_data[parameter] = median_filter_1d(validation_data[parameter].values, window_size=filter_window)
test_data[parameter] = median_filter_1d(test_data[parameter].values, window_size=filter_window)

# Prepare the training data
X_train, y_train = [], []
for i in range(timesteps, len(train_data)):
X_train.append(train_data.iloc[i - timesteps:i, feature_indices].values)
y_train.append(train_data.iloc[i, parameter_index])

X_train, y_train = np.array(X_train), np.array(y_train)

# Prepare the validation data
X_validation, y_validation = [], []
for i in range(timesteps, len(validation_data)):
X_validation.append(validation_data.iloc[i - timesteps:i, feature_indices].values)
y_validation.append(validation_data.iloc[i, parameter_index])

X_validation, y_validation = np.array(X_validation), np.array(y_validation)

# Prepare the testing data
X_test, y_test = [], []
for i in range(timesteps, len(test_data)):
X_test.append(test_data.iloc[i - timesteps:i, feature_indices].values)
y_test.append(test_data.iloc[i, parameter_index])

X_test, y_test = np.array(X_test), np.array(y_test)

# Reshape the input data for LSTM [samples, time steps, features]
X_train = np.reshape(X_train, (X_train.shape[0], timesteps, len(feature_indices)))
X_validation = np.reshape(X_validation, (X_validation.shape[0], timesteps, len(feature_indices)))
X_test = np.reshape(X_test, (X_test.shape[0], timesteps, len(feature_indices)))

# Build the LSTM model with dropout
model = Sequential()
model.add(LSTM(50, input_shape=(timesteps, len(feature_indices)), return_sequences=True))
model.add(Dropout(0.2))
model.add(LSTM(50))
model.add(Dropout(0.2))
model.add(Dense(1))

# Set the learning rate
learning_rate = 0.01

# Compile the model with a custom learning rate
optimizer = Adam(learning_rate=learning_rate)
model.compile(optimizer=optimizer, loss='mean_squared_error')
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# Train the model
model.fit(X_train, y_train, epochs=parameters_epochs[parameter], batch_size=256,

validation_data=(X_validation, y_validation))

# Save the trained model with the parameter name and features
model.save(f'lstm_{parameter}_{"_".join(features)}_model.h5')

# Make predictions
train_predictions = model.predict(X_train)
validation_predictions = model.predict(X_validation)
test_predictions = model.predict(X_test)

# Reshape the predictions for plotting
train_predictions = train_predictions.flatten()
validation_predictions = validation_predictions.flatten()
test_predictions = test_predictions.flatten()

# Compute evaluation metrics
train_r2 = r2_score(y_train, train_predictions)
train_r2 = max(0, train_r2) # Avoid negative R^2 scores
train_rmse = np.sqrt(mean_squared_error(y_train, train_predictions))
train_mae = mean_absolute_error(y_train, train_predictions)

validation_r2 = r2_score(y_validation, validation_predictions)
validation_r2 = max(0, validation_r2)
validation_rmse = np.sqrt(mean_squared_error(y_validation, validation_predictions))
validation_mae = mean_absolute_error(y_validation, validation_predictions)

test_r2 = r2_score(y_test, test_predictions)
test_r2 = max(0, test_r2)
test_rmse = np.sqrt(mean_squared_error(y_test, test_predictions))
test_mae = mean_absolute_error(y_test, test_predictions)

# Print the evaluation metrics for each parameter and features
print(f"Parameter: {parameter}, Features: {features}")
print("Train R^2 Score:", train_r2)
print("Train RMSE:", train_rmse)
print("Train MAE:", train_mae)
print("Validation R^2 Score:", validation_r2)
print("Validation RMSE:", validation_rmse)
print("Validation MAE:", validation_mae)
print("Test R^2 Score:", test_r2)
print("Test RMSE:", test_rmse)
print("Test MAE:", test_mae)
print()

# Plot the graphs for Predicted Vs. Actual for Training, Validation, and Testing
plt.figure(figsize=(8, 6))

# Training plot
plt.plot(range(100), y_train[:100], 'r-', linestyle='--', label='Actual')
plt.plot(range(100), train_predictions[:100], 'g-', label='Predicted')
plt.xlabel('Sample')
plt.ylabel(parameter + ' Concentration')
plt.title(f'Training Set - Actual vs. Predicted {parameter} Concentration - {", ".join(features)}')
plt.legend()
plt.tight_layout()
plt.show()

# Validation plot
plt.figure(figsize=(8, 6))
plt.plot(range(100), y_validation[:100], 'r-', linestyle='--', label='Actual')
plt.plot(range(100), validation_predictions[:100], 'g-', label='Predicted')
plt.xlabel('Sample')
plt.ylabel(parameter + ' Concentration')
plt.title(f'Validation Set - Actual vs. Predicted {parameter} Concentration - {", ".join(features)}')
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plt.legend()
plt.tight_layout()
plt.show()

# Testing plot
plt.figure(figsize=(8, 6))
plt.plot(range(100), y_test[:100], 'r-', linestyle='--', label='Actual')
plt.plot(range(100), test_predictions[:100], 'g-', label='Predicted')
plt.xlabel('Sample')
plt.ylabel(parameter + ' Concentration')
plt.title(f'Testing Set - Actual vs. Predicted {parameter} Concentration - {", ".join(features)}')
plt.legend()
plt.tight_layout()
plt.show()

# New figure window for correlation plot
plt.figure(figsize=(8, 6))

# Define correlation line coordinates
correlation_line_x = np.linspace(0, 1, 100)
correlation_line_y = correlation_line_x

# Plot actual vs predicted (first 100 samples)
plt.scatter(y_test[:7500], test_predictions[:7500], color='g', label='Predicted')
plt.plot(y_test[:7500], y_test[:7500], color='r', marker='o', linestyle='-', label='Actual')
plt.plot(correlation_line_x, correlation_line_y, color='black', linestyle='--', label='Correlation Line')
plt.xlabel(f'Actual {parameter} Concentration')
plt.ylabel(f'Predicted {parameter} Concentration')
plt.title(f'Actual vs. Predicted {parameter} Concentration - Correlation - {", ".join(features)}')
plt.legend()
plt.tight_layout()

# Show the correlation plot
plt.show()

The code implements a Long Short-Term Memory (LSTM) model to predict PM1.0,

PM2.5, and PM10 concentrations based on various feature combinations like Euclidean

Distance, Orientation, Wind Speed, Temperature, and Humidity. The model is trained on

median-filtered data to remove noise, with 3 previous timesteps used for input sequences.

The LSTM model is built with two LSTM layers, each followed by a dropout layer, and

trained using the Adam optimizer with a custom learning rate. The model’s performance

is evaluated using , RMSE, and MAE metrics for training, validation, and testing

datasets. The code also saves the trained models and visualizes actual vs. predicted

concentrations, including a correlation plot to assess prediction accuracy.
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Appendix IV: Implementation of Random Forest Regression PM Model

import pandas as pd
import numpy as np
import matplotlib.pyplot as plt
from sklearn.ensemble import RandomForestRegressor
from sklearn.metrics import mean_absolute_error, mean_squared_error, r2_score
from sklearn.model_selection import train_test_split
from sklearn.preprocessing import MinMaxScaler
import joblib

# Load the dataset
df = pd.read_csv("PM_Training_DataSet_2024.csv")

# Perform 1D signal median filtering for PM1.0, PM2.5, and PM10
filter_size = 85 # Adjust the filter size based on your data and noise characteristics

def median_filter_1d(signal, filter_size):
"""Performs median filtering on a 1D signal."""
padded_signal = np.pad(signal, ((filter_size - 1) // 2, (filter_size - 1) // 2), mode='constant')
filtered_signal = np.empty_like(signal)
for i in range(signal.shape[0]):
window = padded_signal[i:(i + filter_size)]
median = np.median(window)
filtered_signal[i] = median

return filtered_signal

# Apply median filtering to PM1.0, PM2.5, and PM10 columns
columns_to_filter = ['PM1.0', 'PM2.5', 'PM10']
for column in columns_to_filter:
df[column] = median_filter_1d(df[column].values, filter_size)

# Save the filtered dataset
filtered_df_path = "Filtered_PM_Training_DataSets_4.csv"
df.to_csv(filtered_df_path, index=False)
print(f"Filtered dataset saved as '{filtered_df_path}'.")

# Load the filtered dataset
df = pd.read_csv(filtered_df_path)

# Convert non-numeric values in the Orientation column to numeric
df['Orientation'] = pd.Categorical(df['Orientation']).codes

# Function to compute and print evaluation metrics
def evaluate_model(model, X, y_true, label):
y_pred = model.predict(X)
r2 = max(0, r2_score(y_true, y_pred)) # Ensure R^2 score is non-negative
rmse = np.sqrt(mean_squared_error(y_true, y_pred))
mae = mean_absolute_error(y_true, y_pred)

accuracy = 100 - mae

print(f"\nEvaluation for {label}:")
print(f"R^2 Score: {r2:.6f}")
print(f"Root Mean Squared Error (RMSE): {rmse:.6f}")
print(f"Mean Absolute Error (MAE): {mae:.6f}")

# Define different feature combinations
feature_combinations = [
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['Euclidean_D', 'Orientation'],
['Wind speed', 'Euclidean_D', 'Orientation'],
['Temperature', 'Euclidean_D', 'Orientation'],
['Humidity', 'Euclidean_D', 'Orientation'],
['Temperature', 'Humidity', 'Euclidean_D', 'Orientation'],
['Wind speed', 'Temperature', 'Euclidean_D', 'Orientation'],
['Wind speed', 'Humidity', 'Euclidean_D', 'Orientation'],
['Wind speed', 'Temperature', 'Humidity', 'Euclidean_D', 'Orientation']

]

# Define target columns
target_columns = ['PM1.0', 'PM2.5', 'PM10']

# Train and save models for different feature combinations
for features in feature_combinations:
for target_column in target_columns:
# Extract features and targets from the dataset
X = df[features].values
y = df[target_column].values

# Scale the features using MinMaxScaler
scaler = MinMaxScaler()
X_scaled = scaler.fit_transform(X)

# Split the data into training, validation, and testing sets
X_train, X_temp, y_train, y_temp = train_test_split(X_scaled, y, test_size=0.4, random_state=42)

X_validation, X_test, y_validation, y_test = train_test_split(X_temp, y_temp, test_size=0.5,
random_state=42)

# Set adjusted parameters for RandomForestRegressor
params = {
'n_estimators': 500, # Increase number of trees
'max_depth': None, # Allow deeper trees
'min_samples_split': 50, # Require fewer samples to split
'min_samples_leaf': 1,
'random_state': 42

}

# Train a Random Forest Regressor
model = RandomForestRegressor(**params)
model.fit(X_train, y_train)

# Save the trained model
model_filename = f'{target_column}_model_{"_".join(features)}.joblib'
joblib.dump(model, model_filename)

# Evaluate the model
evaluate_model(model, X_train, y_train, f"{target_column} ({', '.join(features)}) (Training)")

evaluate_model(model, X_validation, y_validation, f"{target_column} ({', '.join(features)})
(Validation)")

evaluate_model(model, X_test, y_test, f"{target_column} ({', '.join(features)}) (Testing)")

print(f"Trained model for {target_column} with features {features} saved as '{model_filename}'.")

'''
# Plot Actual vs. Predicted for the first 100 samples
plt.figure(figsize=(10, 5))
plt.plot(y[:100], 'r--', label='Actual')
plt.plot(model.predict(X_scaled[:100]), 'g-', label='Predicted')
plt.title(f"Actual vs. Predicted for {target_column} ({', '.join(features)})")
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plt.xlabel("Sample")
plt.ylabel(target_column)
plt.legend()
plt.show()

'''

This appendix provides the code implementation and methodology used to develop

Random Forest regression models for predicting particulate matter concentrations

(PM1.0, PM2.5, and PM10) based on various environmental and geometric features. The

script includes steps for data preprocessing, feature scaling, model training, and

evaluation using key metrics such as R² score, Root Mean Squared Error (RMSE), and

Mean Absolute Error (MAE). The process involved the application of median filtering

for noise reduction, followed by training the Random Forest models on different

combinations of features, and saving the trained models for future use. The performance

of each model was evaluated across training, validation, and testing datasets to ensure

robustness and accuracy.
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Appendix V: Publication
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