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SUMMARY

The Metropolitan Area of Guadalajara (MAG) is the second most contaminated area in
Mexico. The effects of the change could be seen in the region’s climate system on the
ecosystem and the health of its population, caused mainly by anthropogenic activities
that produce atmospheric pollutants. A greater understanding of the atmosphere, the
phenomena and effects of pollutants on the air quality of the MAG is needed. particulate
matter (PM) affects directly air quality, human health and the environment, mainly. [1]
The MAG does not have measurements of PM 2.5 micrometers (anthropogenic) of its
entire surface, only with PM 10 micrometers. [2]

In this project, using Python, data from the ZMG and its surroundings were extracted
from Giovanni Nasa Web Page files, with the netCDF4 library. Three measurements
of interest (Ångström Exponent, Aerosol Optical Depth and Mass Concentration) were
integrated into a single dataset. From this, descriptive statistics were obtained with
Seaborn, Matplotlib and Tableau. Seasonal patterns stood out and motivated the search
for a machine learning regressor that would “learn” and predict the size of the particles by
month. Due to the distribution of the patterns, it was decided to use a “boosting” model.
Three ways were proposed to “train” the model. The first, with the complete dataset.
The second and third with “feature engineering” and a “sliding window”, which considers
trends followed each month, using data from the MAG and data from the MAG and its
surroundings, respectively. The final model makes accurate quantitative and qualitative
forecasts of particle size in a given month, useful for taking preventive measures.
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1. INTRODUCTION

Summary: particulate matter of 2.5 µm represents a danger to human health. The
investigation and identification of this particulate matter is complicated and expensive as
more certainty is required. However, with satellite measurements published by the National
Aeronautics and Space Administration (NASA), forecasts can be obtained economically
and from a certain region of interest.
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1.1 Background

There is existing research that aims to analyze and improve satellite data to reach in-
terpretations and knowledge of the behaviors and effects of PM in the atmosphere. This
information aims to have a clear picture of what happens in certain periods of time in a
certain region and to reach conclusions that allow us to know and understand the pro-
cesses of aerosols and their observable effects in: climate systems, chemical processes when
transported in the atmosphere from one region to another, risks of morbidity and mor-
tality of the exposed population, alterations in ecosystems, among others. Some of the
articles that have used observations and analyzed satellite data to obtain greater knowl-
edge and understanding of the role of particulate matter in a given region are mentioned,
such as:

• Global monitoring of air pollution over land from the Earth Observing System-Terra
Moderate Resolution Imaging Spectroradiometer (MODIS) [3]

• Aerosol Optical Depth (AOD) Retrieval Method using MODIS. [4]

• Satellite Aerosols Retrieval over Land Surfaces using the Structure Functions [5]

• Techniques of Global Validation of Aerosol Retrievals from MODIS [6]

• Satellite Measurements of the Ångström Exponent (AE) using an Innovative Math-
ematical Method to Identify Seasonal Aerosols [7]

1.2 Justification

There is information about some of the chemical, physical and optical properties of PM
2.5µm done by researchers in different cities around the world[8], however, there is no
quantitative and qualitative study on these variables applied specifically in the MAG.
It is necessary to have measurements of the physical, optical and chemical properties of
the particulate matter of interest, generated by industrial and vehicular activities. These
features of interest are detected by different satellite sensors. Giovanni NASA Web Page
is responsible for compiling this wide variety of measurements from different sources and
resolutions and, through a graphical interface, facilitates obtaining the required informa-
tion in the geographical area of interest. The processing and analysis of the mentioned
data will help to identify the variables of study and main characteristics of anthropogenic
contamination. Particulate matter has direct effects on air quality and damage to human
health. It has been proven that PM 2.5 µm is the main cause of respiratory diseases
and some types of cancer. This is because it is able to cross the lung barrier and enter
the blood system. Because of this, chronic exposure to PM 2.5 µm increases the risk of
cardiovascular, respiratory and even respiratory diseases and even death.[9]
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This project is meant to obtain quantitative and qualitative knowledge of the concen-
tration, size, and optical depth of PM. This will enhance the knowledge about their
concentration and seasonal patterns of behavior, which in turn will help to identify areas
and seasons of risk to the health of MAG population. Likewise, it seeks to understand
the atmospheric alterations due to the concentration of the aerosol in question and con-
sequently, the climate and energy balance of the studied region.

1.3 Problem

A way to analyze satellite data of certain aerosol measurements is needed to help and
reach valuable conclusions for decision making and implementation of preventive and/or
corrective actions in a given geographic area. Aerosols and their different behaviors require
an in-depth study that involves geographic, atmospheric, and demographic data, among
others. In order to achieve a complete analysis of the observable phenomena, different
sources and even specialized measurement instruments are required, such as a solar pho-
tometer. The complexity increases with respect to the level of certainty that is desired to
be obtained in the study, so a method is needed that can reach accurate conclusions and
forecasts to make decisions and necessary measures in a specific geographical area, saving
resources and time. Based on historical satellite data, statistical analysis, correlation and
regression models, it is intended to reach this forecast.

1.4 Hypothesis

Through the processing of satellite measurements of particulate matter, for a period
greater than 20 years in the Metropolitan Area of Guadalajara of certain aerosol mea-
surements, seasonal patterns of PM 2.5 µm can be quantified and identified. The seasonal
patterns of the PM behavior identified can be used as a basis for the development of pre-
diction and forecast models of its quantitative and qualitative characteristics.

1.5 Goals

1.5.1 General Goal

Group aerosol characteristics from publicly accessible satellite measurements of the MAG
and reach conclusions that can be correlated with observable effects on the population
and the environment where they prevail. Through the descriptive statistical analysis of
the historical information of the MAG, the aim is to generate a regression model that

14



allows the making of preventive and corrective decisions.

1.5.2 Specific Goals

1. Identify, select, process, prepare and clean aerosol satellite data of interest.

2. Build a database with the aerosol measurements of interest in a determined geo-
graphical area (MAG).

3. Find seasonal patterns and generate regression models using machine learning that
allow obtaining an accurate forecast.

1.6 Scientific, technological novelty or contribution

Through the regression model developed in this project for making preventive and cor-
rective decisions, resources can be saved, including the time it takes to acquire, install
and train higher precision instruments, such as a solar photometer. This research is a
contribution to the state of Jalisco, using public information supported and validated
by NASA. It is also a technological proposal that seeks to implement machine learning
algorithms and software tools designed for data analysis and extraction of valuable infor-
mation, which can be considered for future decision-making at the city or state level. A
scientific contribution obtained is the seasonal patterns of behavior of particulate matter
in the (MAG).
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2. STATE OF THE ART OR OF THE
TECHNIQUE

Summary: Over the years, different ways have been proposed to obtain satellite measure-
ments of aerosols and there are also techniques that study them from terrestrial means.
Studies have been done to observe the behaviors of particulate matter with different sensors
and conditions, helping to understand the atmospheric phenomena.
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2.1 Machine Learning

Machine learning is a subset of artificial intelligence that allows a system to “learn” and
improve autonomously using tools that can improve a statistical model, without having
to be programmed manually, through data ingestion. Machine learning allows computer
systems to adapt and obtain more accurate results, to “train.” In this way, continuous
improvement is sought as more “experiences” are accumulated. The more data they con-
sume, the more accurate the results could get. The main goal of this tool is to identify
patterns and make decisions with minimal human intervention. There are different types
of machine learning models:

• Supervised Learning

These models use “labeled” training data (structured data), where a specific feature
is assigned to a label. The result is known a priori and the model is trained with
data from the known result. In other words, to come up with an algorithm that
recognizes images of apples, it has to be fed images labeled as apples.

• Unsupervised Learning

This class of models uses unlabeled data (unstructured data) to learn patterns.
Unlike supervised learning, the “correctness” of the result is not known a priori.
The algorithm learns from the data without human intervention (unsupervised) and
classifies it into groups based on its characteristics. For example, if the algorithm
is given images of apples and bananas, it will distinguish which image is an apple
and which is a banana. Unsupervised learning is good for descriptive models and
pattern distinction.

• Reinforcement Learning

These models can be described as “learning on the fly” through trial and error. An
“agent” learns a defined task with a feedback loop until its performance is within
the expected range. The agent is “rewarded” when he performs the task well and
“punished” when he does it poorly. An example of reinforcement learning is when
Google researchers taught a reinforcement learning algorithm for playing the game
Go. The model, who had no prior knowledge of the rules of Go, simply moved pieces
at random and “learned” the best moves to make. The algorithm was trained using
positive and negative reinforcement to the point that the machine learning model
could beat a human player.

[10]
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2.2 Aerosol properties in cloudy environments from re-
mote sensing observations: a review of the current
state of knowledge

There are a variety of factors that can modify the behavior of particulate matter (PM).
The different effects that clouds have on PM have been observed. The different character-
istics of aerosols have been taken into account, from different ranges in their measurement
and positions above or below the clouds. Certain behavioral patterns and causes were
found by which aerosols change their physical, optical and chemical properties. [11] Due
to the sensitivity of aerosols to environmental variables, greater knowledge is necessary
about their properties, behavior and effects in the atmosphere of the region of interest.

2.3 Large global variations in measured airborne metal
concentrations driven by anthropogenic sources

The specific study of PM2.5 µm is essential to understand health impacts, prioritize pol-
lution mitigation strategies and enable the development of a global chemical transport
model. Among the chemical composition of the PM 2.5 that were found, metal concen-
trations that come from anthropogenic sources stand out, such as lead, arsenic, chromium
and zinc, which exceeded the recommended health particle concentration index or limit in
different areas. places. Levels of heavy metals present in the air exceed health guidelines
established by the World Health Organization (WHO) and other standards in multiple
regions. For example, the Dhaka and Kanpur areas exceeded the US National Ambient
Air Quality Standard of 3 months for lead (150 ng m−3 ). Kanpur, Hanoi, Beijing and
Dhaka had mean annual arsenic concentrations that approached or exceeded the WHO
risk level of 6.6 ng m−3. [[12]

2.4 Evaluation of VIIRS, GOCI, and MODIS Collec-
tion 6 AOD retrievals against ground sunphotome-
ter observations over East Asia

In this article, measurements obtained by three satellite sensors are compared and cor-
related: VIIRS, GOCI and MODIS. Information on the optical depth of the particulate
matter was collected. The results of emerging methods used to obtain aerosol measure-
ments and observations were compared with terrestrial source information, through a
CIMEL solar photometer, consolidated and validated. This will serve as a reference point
to verify the certainty of observations of emerging products. It is shown that the measure-
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ments can change completely depending on the geographical area. Through this study,
it can be seen that measurements with the solar photometer are the way to validate the
data and measure the errors that result in satellite images. [13]

2.5 A Physically Based PM 2.5 Estimation Method Us-
ing AERONET Data in Beijing Area

This article provides information related to particulate matter (PM) and its effects on
health and the environment in the Beijing area, China. According to this research article,
particulate matter contributes to a decrease in atmospheric visibility in the urban area of
this region, but in addition to that, it also increases mortality and morbidity with respect
to diseases of the respiratory system, which is why it becomes a problem, both envi-
ronmental and health, of utmost importance in today’s society. The particulate matter
studied in this article includes PM 10 and PM 2.5, particulate matter with a size equal to
10 micrometers or less and equal to 2.5 micrometers or less, respectively. This makes use
of data collected by satellites, as well as observations at the level of the Earth’s surface,
and provides with a guide on how to use both types of data to validate the certainty of
both measurements through correlations and validation of these. [14] It should be noted
that this study is similar to the development of the software proposed in this project,
which will allow the generation of a risk map according to the seasons of the year in the
Metropolitan Area of Guadalajara, with corresponding objectives and methodology.

2.6 Evaluation of MODIS C6 Combined Aerosol Prod-
uct at Global Scale

This study allows the understanding on the use of data collected by the AQUA and
TERRA satellites that use the Moderate Resolution Imaging Spectroradiometer remote
sensing instrument. The same will be the provider of measurements that feed the software
that will be developed as part of this project. Likewise, it provides useful information
on the most recent collection (C6 database) obtained by the algorithms (Dark Target
and Deep Blue, with their implementations for land and ocean) used to carry out remote
satellite measurements (specifically, the AOD) of PM. Another important characteristic
of this project is that in addition to making use of MODIS data, this data is validated
against ground observations from the AERONET network to validate the certainty of
these satellite measurements. It is important to use both since satellite measurements
are not completely reliable because they cover large geographic areas. Depending on the
resolution with which the information is captured, its certainty will vary. The result
delivered is an image with averages of a certain measurement for each pixel. If the image
has a lower resolution, each pixel will be translated to a larger geographic area and
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therefore the average of everything observed there. If the resolution is higher, each pixel
will cover less space and its average will not have as much noise from other geographic
areas. [15]

2.7 Algorithm for Remote Sensing of Tropospheric Aerosol
from MODIS: Collection 5

This article, obtained directly from the MODIS site on the corresponding NASA page,
describes the implementation of the algorithms used by the MODIS sensor to capture
PM (or aerosol) data, in this case, for the collection C5, one before the more recent C6
collection. However, it is a useful article since, between collections, the changes made in
the algorithms represent corrections that are intended to improve or reduce the errors seen
in previous editions of these, as exemplified in this case for collection C4 and collection C5
(the most recent at that time). It should be noted that by collection we refer to a series of
observations or databases obtained by a particular version of the algorithms. Despite not
being a recent article (5 years or less) and it is clear that we must look for a similar one for
the C6 collection to have the newest information, the algorithms and implementations of
the mathematical equations used are still essentially the same: the first for land surfaces
and the second, for marine surfaces. From the C4 to C5 collection the changes were
minimal and as mentioned before, the objective and result was to improve the quality of
the measurements of particulate matter, such as Aerosol Optical Depth. [16]
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3. Theoretical/Conceptual Frame

Summary: This chapter presents the theoretical and conceptual bases on aerosols and
particulate matter. The physical and chemical processes of interest for the scope of this
project. Likewise, the computer algorithms and programming techniques explored in the
development of the predictive model are described.
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3.1 Aerosol

Particles suspended in the atmosphere that can be solid or liquid. This matter has its
own characteristics and reacts differently to the atmospheric and geographical phenomena
of the studied region. In this study, the concept of aerosol and particulate matter will be
used in the same way.

3.1.0.1 Coarse Particles

Airborne particles of relatively large size and produced mainly by the disintegration of
even larger particles by mechanical processes. Some examples are: dust, pollen, spores,
ashes and fragments of plants and insects. It can be seen that they are all of natural
origin. [17]

3.1.0.2 Fine Particles

Suspended, airborne particles smaller than coarse particles. They have an aerodynamic
diameter less than or equal to 2.5 micrometers. They are formed mostly from gases and
anthropogenic activities. [18]

3.1.1 Continental Dust

Dust particles, often called particulate matter (PM), can be made up of hundreds of
different chemicals. Some can be traced to a specific source, such as construction sites,
unpaved roads, fields, smokestacks, or fires. However, most particles form in the atmo-
sphere as a result of complex reactions of chemicals, such as sulfur dioxide and nitrogen
oxides. These are pollutants emitted by power plants, industries and cars. Both size and
chemical composition vary widely in relation to the nature of the source and the history
of the particles. [19]

3.1.2 Aerosols from Nearby Sources

The main sources of aerosols include urban and industrial emissions, smoke from burning
biomass, secondary formation of gaseous aerosol precursors, sea salt and dust. The pend-
ing problems seek to discover the natural sources of the aerosols and the organic part of
them. It is important to be clear that aerosols from anthropogenic sources are those of
interest in this study. The aerosols of natural sources do not put human health at risk
and do not contribute to the Earth’s energy imbalance. [20]
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3.1.3 Aerosols from Distant Sources

Every year, winds blow huge amounts of soil dust from Africa, across the Atlantic and
to the Caribbean. No other ocean region is so extensively and persistently affected by
such high concentrations of dust, a region that extends more than 7,000 km from the
coast of Africa to the Caribbean and the bordering continental coasts of the Americas.
The Caribbean Basin can be considered the “main recipient” but not the only one. The
Saharan dust “source” accounts for more than half of global dust emissions. It is generally
recognized that, on a global scale, mineral dust can affect many aspects of climate, marine
biogeochemical processes, soil fertility, air quality and human health. However, it is
difficult to assess the impact in the Caribbean Basin due to the paucity of regional studies.
[21]

3.1.4 Black Carbon Aerosols

Dominant form of light-absorbing particles in the atmosphere. Black carbon is emitted by
incomplete combustion processes, both human (diesel engines) and natural (forest fires).
Its ability to absorb visible and infrared radiation means black carbon can warm the
atmosphere and darken surfaces, specifically snow and ice. [22]

3.1.5 Smoke Aerosols

The burning of biomass releases a significant amount of smoke aerosols and gases into
the atmosphere that contribute to the carbon footprint. Carried through the atmosphere,
smoke aerosols are the largest mass source of primary fine carbonaceous particles and
degrade regional air quality, reduce visibility, influence weather and climate, and threaten
public health. [23]

3.1.6 Sea Salt Sprays

Sea salt aerosol is the main source of tropospheric reactive chlorine (Cly) and bromine
(Bry). The effects of other sea salts on atmospheric chemistry have not been explored.
These aerosols come from physical processes where breaking waves drag air, resulting
in bubbles bursting at the air-sea interface, launching jets and film droplets into the
atmosphere, which form the aerosol. A subset of these catalyze cloud formation by acting
as cloud condensation nuclei (CCN) or ice nucleating particles (INP). [24]
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3.2 Aerosol Transport

Atmospheric chemical transport models predict air pollutant concentrations taking into
account the transformation and chemical reactions of the pollutants. They model the
quantitative and qualitative changes of aerosols as they are transported from one region
to another. [25]

3.2.1 Convection in Hot Areas

Convection works by heating or cooling areas of a liquid or gas larger than their sur-
roundings, causing temperature differences. These temperature differences cause areas to
move. The hottest and less dense areas rise and the coldest and most dense areas sink.
Convection within the atmosphere can often be observed in weather. For example, as the
sun heats the Earth’s surface, the air above it warms and rises. If conditions allow, this air
can continue to rise, cooling as it does so, forming cumulus clouds. Stronger convection
can lead to the formation of much larger clouds as the air rises before cooling, sometimes
producing Cumulonimbus clouds and even thunderstorms. [26]

3.2.2 Deposition during Transport

It is the sedimentation of particles or sediments on a surface. The particles can come from
a vapor, a solution, a suspension or a mixture. Deposition also refers to the phase change
from gas to solid and can be wet or dry. Both wet and dry deposition can be transported
by wind, sometimes over extremely long distances. [25]

3.2.3 Wet Deposition

Type of atmospheric deposition in which chemicals and atmospheric particles are incor-
porated into small droplets and transferred to the Earth’s surface in the form of rain, fog
or snow. [27]

3.3 Aerosol Optical Depth (AOD)

It is a measure of light extinction by aerosols in the atmospheric column. This satellite
measurement of aerosols, also called optical thickness, is based on the fact that particles
change the way the atmosphere reflects, absorbs and scatters visible and infrared light.

24



An optical thickness less than 0.1 indicates a crystal clear sky with maximum visibility,
while a value of 1 indicates very foggy conditions. [28]

3.4 Artificial satellites

Man-made artifacts that orbit the planet and help collect information about Earth and
the universe. There are thousands of these orbiting the world, some taking photos of the
planet that help meteorologists predict the weather and track hurricanes. Others take
photos of other planets, the sun, black holes or distant galaxies. They are important
because they can collect more data, faster than ground-based instruments. [29]

3.4.1 Terra

It is a satellite the size of a small school bus. It has 5 instruments that take measurements
of the Earth system. [30]

3.4.1.1 Advanced Spaceborne Thermal Emission and Reflection Radiometer
(ASTER)

It obtains high-resolution images of the Earth (15 to 90 square meters per pixel) at
14 different wavelengths of the electromagnetic spectrum. The range is from visible to
thermal infrared light. Scientists use ASTER information to create detailed maps of the
Earth’s surface. They can obtain its temperature, emissivity, reflectance and elevation.
[31]

3.4.1.2 Clouds and Earth’s Radiant Energy System (CERES)

There are 2 identical instruments on Terra that measure the balance of Earth’s total radi-
ation, as well as compile estimates of cloud properties that allow scientists to describe the
roles of clouds in radiative fluxes from the surface to the highest point of the atmosphere.
[32]

3.4.1.3 Multi-angle Imaging SpectroRadiometer (MISR)

It is a new type of instrument designed to know the amount of sunlight that is scattered
in different directions under natural conditions. It has a view of the Earth with cameras
that point at 9 different angles. One camera points towards nadir and the others point
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back and forth to the Earth’s surface. They are angles of 26.1°, 45.6°, 60.0° and 70.5°.
[33]

3.4.1.4 Measurement of Pollution in the Troposphere (MOPITT)

Instrument designed to improve knowledge of the lower atmosphere and observe how it
interacts with the terrestrial and marine biospheres. The special focus of this sensor is the
distribution, transport, sources and sinks of carbon monoxide in the troposphere, which is
expelled by factories, cars and forest fires. This aerosol hinders the atmosphere’s natural
ability to remove harmful pollutants. [34]

3.4.1.5 Moderate Resolution Imaging Spectroradiometer (MODIS)

This sensor observes all points of the world every one or two days in 36 discrete spectral
bands. For this reason, MODIS tracks a broad collection of the Earth’s “vital signs” more
than any other sensor. This capability allows MODIS, together with MISR and CERES,
to obtain information that determines the impact of clouds and aerosols on the Earth’s
energy balance. [35]

3.4.2 Aqua

It is a satellite that is synchronized with the sun. Its orbit is very close to the polar orbit.
It was launched on May 4, 2002 and has 6 instruments on board:

1. Atmospheric Infrared Sounder (AIRS)

2. Advanced Microwave Sounding Unit (AMSU-A)

3. Humidity Sounder for Brazil (HSB)

4. Advanced Microwave Scanning Radiometer for EOS (AMSR-E)

5. Moderate-Resolution Imaging Spectroradiometer (MODIS)

6. Clouds and the Earth’s Radiant Energy System (CERES)

[36]
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3.5 Visible Infrared Imaging Radiometer Suite (VIIRS)

This sensor is aboard the “NASA/NOAA Suomi National Polar-orbiting Part-nership
(Suomi NPP)” and “NOAA-20 satellites”. It is designed to collect visible and infrared
images, along with terrestrial, atmospheric, cryosphere and ocean observations. VIIRS
complements records collected by similar instruments aboard previously orbiting satellites,
such as MODIS. [37]

3.6 Geostationary Ocean Color Imager (GOCI)

It is one of the 3 instruments on board the “Communication, Ocean and Meteorological
Satellite (COMS)”. GOCI obtains multispectral images in 8 bands (6 visible and 2 near
infrared) with a spatial resolution of approximately 500 meters over the Korean Sea. [38]

3.7 Deep Blue

Algorithm that uses measurements made by satellite instruments to determine the amount
of aerosols in the atmosphere and their properties. Such aerosols include all particles
suspended in the atmosphere, including desert dust, smoke, volcanic ash, industrial smog
and sea spray. [39]

3.8 Modern-Era Retrospective analysis for Research and
Applications (MERRA), Version 2

Analysis model that combines computational algorithms with satellite observations of
the Earth’s surface, atmosphere and ocean. It has data since the early 1980s. It was
introduced to replace MERRA because of advances made in understanding hyperspectral
radiation and microwave observations, along with GPS-Radio Occulation data sets. It
has a spatial resolution of approximately 50 km in latitudinal direction. [40]

3.9 Ångström Exponent (AE)

The Ångström Exponent provides information about the size distribution of particles and
is defined by:

27



α =
ln( τ2
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Where α is the Ångström Exponent, τ is the Aerosol Optical Depth (AOD) and λ is the
wavelength of the incident light. [7]

3.10 Mass Concentration (MC)

It is a measure of the density of aerosols. Columnar aerosol mass concentration (µgm/cm2)
is the total mass of aerosols in a vertical column of atmosphere.

3.11 Metropolitan Area of Guadalajara (MAG)

It is conformed by the municipalities of San Pedro Tlaquepaque, Tonalá, Zapopan, Tlajo-
mulco de Zúñiga, El Salto, Juanacatlán, Ixtlahuacán de los Membrillos, Acatlán de Juárez,
Zapotlanejo and Guadalajara itself, which together share a constant conurbation. The
National Institute of Statistics and Geography (INEGI) indicates that the MAG is the
second most populated in the Mexican Republic and is only surpassed by the Metropolitan
Area of the Valley of Mexico. [41]

3.12 HDF5 Format

Stands for “Hierarchical Data Format” version 5. It is a contribution format open source
that supports extensive, complex and heterogeneous data. It uses a structure similar to
a file directory, which organizes the data within the file in many structured ways, such
as in a computer file system. This format also allows embedding of metadata that helps
describe the data. [42]

3.13 Python

Interpreted, interactive and object-oriented programming language. It incorporates mod-
ules, exceptions, dynamic code, very high-level and dynamic data types and classes. It
supports different programming paradigms beyond object-oriented, such as procedural
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and functional programming. Python combines outstanding power with easy, clear syn-
tax. It has interfaces to many system calls and libraries, such as windowing systems and
support for C or C++. It is useful as an extension language for applications that need a
programmable interface. Finally, Python is portable, capable of running on many Unix
variants, including Linux, macOS, and Windows. [43]

3.13.1 Numpy

Fundamental library for scientific computing in Python. Contains multidimensional array
objects, various derived objects such as masked arrays and arrays. It also offers a variety
of routines for fast operations on arrays, including mathematics, logic, shape manipula-
tion, sorting, selection, input and output, Fourier transforms, basic linear algebra, basic
statistics, simulation of randomness and much more. [44]

3.13.2 Pandas

Python package that offers fast, flexible and expressive data structures. These structures
are designed to work with related or labeled data in an easy and intuitive way. It is
intended to be the fundamental, high-level building block for doing practical, real-world
analysis. Its advantages stand out in many different types of data such as tabular with
heterogeneous data, such as an Excel table or an SQL table. You can use ordered or
unordered data from time series and observational and statistical data sets. [45]

3.13.3 netCDF4

Python interface to the C netCDF library. Version 4 has new features, implemented on the
HDF5 format. This module can read and write files in the version 3 or 4 format and can
create files readable on HDF5 clients. It has multiple and unlimited dimensions, groups
and data compression. All new numeric data types are implemented, such as unsigned
integer or 64 bit. This version is composite or structured, it can have variable length
and “enum” data types. However, it does not support “opaque” data types. Mixtures of
structures, variable lengths, and enumerables are not supported. [46]

3.13.4 SciKit-Learn

Machine Learning library with open source code that supports supervised and unsuper-
vised learning. It also contains several tools for training machine learning models, data
preprocessing, model selection, model evaluation and many other utilities. [47]

29



3.13.4.1 Pipeline

In Scikit-learn, it is a sequence of data transformers with the option to have a predictor at
the end. The purpose of this tool is to assemble several steps that can be cross-validated
together while configuring different parameters. For this, parameters of the different steps
within the process are established, using their names and the specified parameter. [48]

3.13.4.2 Simple Imputer

Scikit-learn tool useful for imputing univariately to fill in missing values with simple
strategies like aconstant value or measures of central tendency: mean, median or mode.
[49]

3.13.4.3 Standard Scaler

Data standardization is a common requirement for many machine learning estimators.
This tool standardizes the characteristics, removing the mean from each observation and
scaling it to unit variance. The standard score for each sample in the data set is calculated
with:

z =
x− u

s

Where u is the mean of all observations in the dataset or zero if specified. s is the standard
deviation of the training set, or 1 if specified. [50]

3.13.4.4 Grid Search

Scikit-learn tool that does an exhaustive search for the values of a specified parameter of
an estimator. The parameters of the estimator used to apply these methods are optimized
with cross validation. [51]

3.13.4.5 Gradient Boosting Regressor

Regressor implemented in Scikit-learn with the Gradient Boosting method. This estimator
builds an additive model incrementally in stages. It allows the optimization of arbitrary
and differentiable loss functions. In each phase, a regression tree is trained on the negative
gradient of the specified loss function. [52]
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3.14 Cross Validation

Machine learning technique that evaluates the variability of the data and confidence level
of the evaluated model. It consists of testing the performance of a machine learning model,
seeking to improve the performance of the model through the random decomposition of
the data series. This is so that the model can be trained with all the data and validated
in the same way, with data from the entire series and not just one nature. [53]

3.15 Evaluation Metrics

When training machine learning models, it is necessary to compare their performance
with that of existing references. The evaluation has 2 purposes: discarding methods that
do not help the model and optimizing those methods that help the model. Depending
on the model task, there are different evaluation metrics that can be used to observe the
performance of machine learning models. [54]

3.15.1 F1 Score

It can be interpreted as the harmonic mean of precision and recall, where the F1 score
reaches the maximum at 1 and the worst at 0. The relative contribution of precision and
recall are equal. The formula for this score is:

F1 =
2− TP

2 ∗ TP + FP + FN

Where TP is the number of true positives, FN is the number of false negatives and FP
is the number of false positives. F1 is calculated by default as 0.0, when there are no true
positives, false negatives, or false positives. [55]

3.15.2 Minimum Square Error (MSE)

Measures the amount of error in statistical models. It provides information on the differ-
ence between the square mean of the observed values and those predicted by the developed
model. When a model has no error, the MSE is 0. The more the error increases, the value
of the MSE also increases. It is calculated with the following formula:

MSE =

∑
(yi − ŷi)

2

n
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Where yi is the ith observed value, ŷi is the corresponding predicted value and n is the
number of observations. [56]

3.15.3 Minimum Absolute Error (MAE)

Amount of error in measurements, using the absolute value of the difference. This is
necessary because sometimes the observed measurement will be less than the predicted
one, resulting in a negative value. When trying to find an average of all these differences,
all the errors have to be added, so negative values would alter the total difference and
therefore the average. The formula for this metric is given by:

MAE =

∑
|yi − ŷi|
n

[57]

3.16 Hyperparameters

Hyperparameters are external configuration variables used to manage the training of ma-
chine learning models. They are configured manually before training a model. Normal
parameters are internal model elements derived automatically during the learning process
and that are not configured externally. Hyperparameters determine key characteristics
such as model architecture, learning rate, and model complexity. [58]

3.17 Sliding Window

This algorithm is a technique applied in data transfer and computer networks, among
other areas. Another use of this technique involves identifying value patterns in time
series or sequential data. This technique is powerful because it allows you to detect
patterns faster than other techniques. [59] [60]

3.18 Feature Engineering

The characteristics of a machine learning model are the inputs used during training and
inference to make predictions. The accuracy of the model depends on an accurate set
and composition of features. Creating features may require significant engineering effort.
Feature engineering involves extracting and transforming variables from raw data so that
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the features can be used for training and prediction. The necessary steps within a fea-
ture engineering process include extracting and cleaning the data, and then creating and
storing the features. [61]

3.19 Spearman Correlation

It’s an equivalent to Pearson correlation, but it handles non-linear relationships and non-
normal distributions. It is not affected by outliers either. [62]
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4. Project Development

Summary: This chapter explains the methodology that was followed to develop the project.
The results of each phase of the study and how they contributed to the fulfillment of the
general and specific objectives.
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4.1 Management Method

In this project it was decided to use an iterative methodology. This form of development
is based on the division of work into small iterations or cycles. Each iteration represented
a planning, design, implementation and testing process that was carried out in a specific
period of time. At the end of each iteration, new capabilities and improvements were
introduced to the software, while it could be tested and evaluated. In this way, errors
and problems were also identified and corrected in the early stages of the project. Each
iteration came alongside with a review, which helped to keep the goal set on the proposed
objectives.

4.1.0.1 First Stage

Research was made using related works and the state of the art, it was useful for reference
and guidance of the project. Likewise, the scope of the research and the objectives,
both general and specific, were defined. At this stage it was important to understand
the fundamental concepts and definitions of particulate matter, the phenomena that are
already known and those that need to be investigated. The challenges presented by
exploring aerosols and understanding the influence they have on the environment, flora,
fauna and the health of the inhabitants of a certain geographical area.

4.1.0.2 Second Stage

Once the scope of the research was defined and its context understood, this iteration fo-
cused on the collection of satellite information and the generation of a structured database.
The search and extraction of data involved its cleaning and standardization for subsequent
analysis and generation of descriptive statistics. There were already a priori hypotheses
about particulate matter in the MAG, however, the analysis of the collected information
confirmed these hypotheses and generated new ones, which remained as part of the next
iteration.

At this stage, the satellite data to be consulted were delimited, five significant character-
istics of the aerosols and their respective chronology were defined:

• Aerosol Optical Depth of 550µm: obtained with the Deep Blue algorithm, only for
land. With the EOS-Terra MODIS instrument, in version MOD08_M3 v6.1.

• Ångström Exponent at 0.412 to 0.47 microns: obtained with the Deep Blue algo-
rithm, only for land. With the EOS-Terra MODIS instrument, in version MOD08_M3
v6.1.
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• Mass Concentration of particulate matter 2.5 µm: was obtained using the MERRA2
version M2T1NXAER v5.12.4.

• Month in which the measurement was taken

• Season of the year in which the measurement was taken

• Location where the measurement was taken (MAG, North, South, East, West,
Northeast, Northwest, Southeast, Southwest of the MAG)

The coordinates considered to encompass the ZMG were 105W–100W, and 18N–22N.
Once the measurements and geographical area of interest were defined, the satellite data
was searched in predefined time intervals, for which the seasons of the year were used, from
March 21, 2000 (beginning of spring) to March 20, 2023 (end of winter). The seasonal
intervals were defined as:

• Spring: starts on March 20 and ends on June 21.

• Summer: starts on June 21 and ends on September 23.

• Autumn: starts on September 23 and ends on December 21.

• Winter: starts on December 21 and ends on March 20.

The data was downloaded in netCDF4 format, which houses data in HDF5 format. AOD
and AE measurements were obtained day by day, while MC measurement was generated
hour by hour. Because of this, the web platform may or may not process an entire
month. If this was not possible, the measurements were divided, obtaining 2 netCDF4
files per month if necessary and thus speed up data collection. NASA’s Giovanni platform
calculates an average of the selected measurement in the selected time interval, so the
result of each coordinate already encompasses the chosen elapsed days with the specified
period. With the previous specifications, 3312 observations were obtained.

In Figure 4.1, we can observe the documentation of the code where the mentioned pa-
rameters are set, Locating the data of interest within the netCDF4 files. [63]

Figure 4.2 shows the routine used to extract the data out of the netCDF4 files to later
gather them all into a single dataset. [63]

Once all the data was extracted and gathered into a single dataset, we could make a quick
a priori statistical analysis. The goal was to understand the data distribution and nature.
Figure 4.3 shows a Spearman correlation matrix between all the extracted variables.There
are variables which show dependency with the 3 variables selected. Mass Concentration
has a strong negative correlation with the season, having a correlation index of -0.66.
This means that they are inversely correlated. Aerosol Optical Depth is also negatively
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Figure 4.1: Code documentation showing the netCDF4 structure

correlated with the location, having an index of -0.44. Finally, Ångström Exponent and
Mass Concentration show a weak, negative correlation, with -0.25. On another quick
analysis, Figure 4.4 shows a scatter plot matrix between all the extracted variables. It
shows observations concentration in certain range and also a clear distinction between
seasons. These quick observations encouraged the further research and development of
the machine learning model that could describe these behaviors and get a prediction. [63]
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Figure 4.2: Code documentation showing the data extraction from the netCDF4 files
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Figure 4.3: Spearman Correlation Matrix Between All the Extracted Variables

39



Figure 4.4: Scatter Plot Matrix Between All Extracted Variables. (1: Spring. 2: Summer.
3: Autumn. 4: Winter)
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4.1.0.3 Third Stage

Once the structured and labeled database was generated, a regression model was proposed,
focused only on the AE, which provides information on the size of the particle and therefore
a measure of how small the particles present in the system are during certain season of
the year. [63]

Dataset Design. The proposed regression model allows the prediction of the particle
size according to the AOD, MC, the month, the season of the current year and the
geographical location of the measurement. It is expected to predict the AE due to its
direct relationship with the size of the particle. By knowing its size, you can know if
they are “thin” and tend to be of anthropogenic origin, or if they are “thick” and are of
natural origin. It was decided to consider all the dimensions of the observations and with
feature engineering, to enrich the data set so that the model had more information in the
characteristics matrix. The dataset design takes advantage of all the data collected and
did not disregard information.

Regression Model. Once the dimensions were treated, it was decided to use a regres-
sion model called “Gradient Boosting”. This was preferred due to its virtues in finding
non-linear relationships. It also has the great advantage that the algorithm does not
assume that the trend is normal. This helps in the project because, although there is a
normal trend between some characteristics of the dataset, we must not forget that they
are meteorological data so they can vary due to multiple environmental factors. The
versatility of the regressor in the way of constructing weak learners and evaluating with
different error functions allows us to better refine the strong learner and therefore bet-
ter adjust the predictor to the context of the data. With gradient boosting, we seek to
expand the scope of learning, taking into account the context of the observations, where
the technique with which the dataset was designed, the sliding window, also helps.

Libraries Used for Development. To extract the satellite information, the netCDF4
library was used, which facilitated the extraction and manipulation of the data to organize
them into a final data set. Once a way to extract the information from the HDF5 satellite
files was found, “SciKit Learn” was mostly used with tools such as NumPy and Pandas
for the organization of the data and the design of the database, including the sliding
window algorithm. As per the representation and analysis of the information, Seaborn
and Tableau were used. Both tools have several color palettes and clear ways to graph
information. In Seaborn’s case, methods such as “pairplot” were used, which crosses all
the dimensions in pairs in scatter plots to graphically understand how one behaves with
respect to the other. In the case of Tableau, the rapid interaction with the graphs to
resolve doubts and propose hypotheses.

To divide the dataset into training and testing fragments, “train_test_split” was used
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as the first attempt; however, since this is an analysis over time, a function was de-
signed to split the dataset in an expected and orderly manner, that is, certain consecutive
years of training and certain consecutive years of testing, in a sequential manner (Figure
4.5). Finally, to build the model, the tools “Pipeline”, “SimpleImputer”, “StandardScaler”,
“cross_val_score”, “GridSearchCV” and “GradientBoostingRegressor” were used. All were
tools to improve the entry and adaptation of the data to the regression model. The other
tools served as a structure for the exploration and evaluation of the model. A pipeline
was made with an imputator, scaler and the model as such. This pipeline was evaluated
in a cross search with Grid Search, using some hyperparameters of the regressor such as:
learning rate, number of estimators, max depth, loss and criterion (Figure 4.6). [63]

Figure 4.5: Function to Split Time Series

Figure 4.6: Hyperparameters Set for each model
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5. RESULTS AND DISCUSSION

Summary: This chapter presents the results of each phase presented in the previous
chapter and a discussion on the identification of aerosols, the proposed objectives and how
they were achieved.
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5.1 Results

In this investigation, two results were obtained that alone can conclude relevant informa-
tion. The first part of the project, where a set of specific satellite data of the MAG was
generated, products generated by descriptive statistics were obtained. This tool allowed
us to observe patterns in the behavior of the Ångström Exponent in relation to the season
of the year and therefore, with certain months. The second part of the project was able
to generate a prediction model for the Ångström Exponent with a certain margin of error.
The results of the two phases are detailed below.

5.1.1 Descriptive Statistics Results

Descriptive statistics were made of three satellite measurements delimited for this investi-
gation only in MAG. The behaviors of these measurements converge in a pattern directly
correlated with the season of the year. The details of each statistic are set out below.

5.1.1.1 Ångström Exponent

The Ångström Exponent data collected with MODIS TERRA in the geographical area
the MAG show the behavior of Figure 5.1, which consists of a two-dimensional graph of
the average of the Ångström Exponent in each month of the year, separating by color
the season of the year to which each month belongs. The exponent has no units of
measurement because it is a coefficient.

Figure 5.1: Ångström Exponent Behavior (Average Per Month)
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Table 5.1 shows the quantitative measurements obtained with the data graphed in Figure
5.1. It can be seen that August is the month with the largest average Ångström Exponent
with 1.5874, while June is the smallest with 1.3291. However, it is also the month with
the most variation according to its standard deviation of 0.2036. This can be interpreted
as the month with diverse behaviors over 23 years. On the other hand, the month with
the smallest deviation is March, with 0.0127, so it can be considered the most predictable
month with respect to the Ångström Exponent.

Month Ångström Exponent Average Standard Deviation
January 1.4627 0.0411
February 1.4543 0.0584
March 1.4955 0.0127
April 1.4774 0.0233
May 1.3878 0.0652
June 1.3291 0.2036
July 1.5325 0.0552

August 1.5874 0.0595
September 1.5407 0.0723
October 1.5208 0.0251

November 1.4788 0.0284
December 1.4647 0.0766

Table 5.1: Ångström Exponent averages and standard deviation per month, from March
2000 to March 2023.

Figure 5.2 shows a graph of the seasonal average Ångström Exponent over the time period.

Figure 5.2: Ångström Exponent Behavior (Average per Season)

shows the quantitative information obtained with the data graphed in Figure 5.2. The
seasons of the year are concentrated in this table. It can be seen that the season of the year
with the largest Ångström Exponent in 23 years was summer, with 1.5349, while spring
was the season with the smallest exponent, with 1.4001. The most stable and predictable
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season was winter with a standard deviation of 0.0599. While the most dispersed was
spring with a deviation of 0.1352.

Season Ångström Exponent Average Standard Deviation
Spring 1.4001 0.1352

Summer 1.5349 0.1101
Autumn 1.4982 0.0605
Winter 1.4669 0.0599

Table 5.2: Ångström Exponent averages and standard deviation per season, from begin-
ning of spring 2000 to end of winter 2023.

46



5.1.1.2 Aerosol Optical Depth

The satellite data of the Aerosol Optical Depth (AOD) collected with MODIS TERRA
of MAG show the behavior of Figure 5.3, which is monthly-averaged.

Figure 5.3: Aerosol Optical Depth Behavior (Average per Month)

Table 5.3 shows the quantitative measurements obtained with the data graphed in Figure
5.3. It can be seen that July is the month with the greatest optical depth with 0.1643,
however, it is also the month with the greatest variation in the last 23 years with a
standard deviation of 0.0571. It can also be observed that the months with the greatest
optical depth are June, July, August and September, which are consecutive and belong to
the summer season, which can be noted graphically in Figure 5.3, with the pattern of red
peaks (summer) over the years. The month with the smallest average optical depth was
March with 0.0293 and it was also the least dispersed month with a standard deviation
of 0.0073. This can be seen graphically represented in Figure 5.3 with the lowest points
on the graph, which belong to the end of winter and beginning of spring, in the month of
March.

La Figura 5.4 shows a graph of the average AOD in each season of the year, represented
by colors.

Table 5.4 shows the quantitative information obtained with the data graphed in Figure
4. The seasons of the year are summarized in this table. Highest average AODs are seen
in the summer; lowest AODs occur in the winter, and have the smallest variability.
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Month AOD Average Standard Deviation
January 0.0423 0.0123
February 0.0398 0.0133
March 0.0293 0.0073
April 0.0374 0.0146
May 0.0698 0.0344
June 0.1283 0.0401
July 0.1643 0.0571

August 0.1590 0.0337
September 0.1222 0.0494
October 0.0860 0.0305

November 0.0599 0.0158
December 0.0480 0.0207

Table 5.3: Aerosol Optical Depth averages and standard deviation per month, from March
2000 to March 2023.

Figure 5.4: Aerosol Optical Depth Behavior (Average per Season)

Season AOD Average Standard Deviation
Spring 0.0655 0.0480

Summer 0.1467 0.0465
Autumn 0.0762 0.0402
Winter 0.0399 0.017

Table 5.4: Aerosol Optical Depth averages and standard deviation per season, from be-
ginning of spring 2000 to end of winter 2023.
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5.1.1.3 Mass Concentration

The satellite data of Mass Concentration (MC) collected with MERRA2 for MAG show
the behavior of Figure 5.5, which consists of a two-dimensional graph of the average Mass
Concentration in each month of the year. Separating by color the season of the year to
which each month belongs.

Figure 5.5: Mass Concentration Behavior (Average per Month in kg/m3)

Table 5.5 shows the 23-year monthly averages of the same data in kg/m3 units. It is
observed that in July there is a higher mass concentration, 2.45E–09 kg/m3. In general,
the months from April to August (spring to summer) stand out with a considerably
greater concentration than the rest of the year. This can be seen in Figure 5.5, where the
peaks start orange (spring) and have their greatest extent in red (summer). December
has smaller MC, 1.39E–10 kg/m3. January is the least variable month, with a standard
deviation of 5.07E–11 kg/m3.

Figure 5.6 shows the seasonal-averaged mass concentration in each season of the year,
represented by colors.

Table 5.6 shows the 23-year seasonal averaged MC. The seasons of the year are summarized
in this table. We note that the greatest concentration occurs in summer with 1.44E–09
kg/m3, and has the greatest dispersion, with a standard deviation of 1.52E–09 kg/m3. On
the other hand, the season with the lowest mass concentration is autumn, with 1.85E–10
kg/m3 and, likewise, it is the season with the least dispersion over 23 years, with a
standard deviation of 1.01E–10 kg/m3.
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Month Mass Concentration Average (kg/m3) Standard Deviation (kg/m3)
January 1.61E-10 5.07E-11
February 3.00E-10 1.08E-10
March 7.66E-10 3.57E-10
April 1.13E-09 2.48E-10
May 1.27E-09 4.07E-10
June 1.44E-09 1.17E-09
July 2.45E-09 1.95E-09

August 1.14E-09 6.11E-10
September 2.64E-10 1.92E-10
October 2.16E-10 1.09E-10

November 1.84E-10 7.72E-11
December 1.39E-10 5.38E-11

Table 5.5: Mass Concentration averages and standard deviation per month, from March
2000 to March 2023.

Figure 5.6: MC Behavior (Average per Season in kg/m3)

Season Mass Concentration Average (kg/m3) Standard Deviation (kg/m3)
Spring 1.10E-09 3.69E-10

Summer 1.44E-09 1.52E-09
Autumn 1.85E-10 1.01E-10
Winter 3.01E-10 2.32E-10

Table 5.6: Mass Concentration averages and standard deviation per season, from begin-
ning of spring 2000 to end of winter 2023.
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5.1.2 Machine Learning Model Results

Three ways of approaching the problem were proposed to compare the difference and
validate if the initial assumptions of the best way to organize the data set actually improve
the results of the predictive model. [63]

5.1.2.1 First Proposal: Naive

In this first proposal, the dataset was taken as any Machine Learning problem, where for
each set of characteristics or dimensions, a result is labeled. In this case, each observation
was marked with a measurement of the Ångström Exponent. This proposal is referred as
naive because it does not take into account any history of the previous measurements, to
put it in a simple way, the model only learns that with certain characteristics, without
taking into account what has happened before and throws an Ångström Exponent. In
Figure 5.7, the data used to train the model is represented in blue. The orange color shows
the Ångström Exponent actually captured by the satellite and the green color shows the
forecast that the model made. It can be seen that the model follows the trend in almost
all intervals, however, every certain period, there is a considerable difference, where the
prediction is at least one unit away from reality. This in other words could predict that
there will not be as much fine particle pollution, but in reality there will be. So it could
lead to an erroneous recommendation in a practical case, a false negative. Table 5.7 shows
the error calculated with this model. You can see a square and absolute error graduated in
hundredths and thousandths, but since these measurements are for microscopic particles,
they have a greater impact. [63]

Figure 5.7: First Regressor Proposal: Naive

Score Training Data Testing Data
R2 0.86068464 0.86028673

MSE 0.00327475 0.00326522
MAE 0.03675071 0.03680163

Table 5.7: Naive Regressor Performance
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5.1.2.2 Second Proposal: MAG Sliding Window

In this approach, a 16-space window was used, but only taking into account the data
from the MAG. The dataset for this approach ended up having 49 dimensions (columns)
and 352 observations (rows) [64]. These were expanded because each window space has a
historical measurement of previous days. This model obtained the results shown in Figure
5.8, where it can be seen that there are still predictions that are lower than what actually
happened. The differences were no longer marked in each time period. This is because in
this model, only the measurements of the MAG and not its surroundings were taken into
account. This removes the noise that certain data could introduce into the prediction,
but in the same way data can be lost that can be correlated with the specific behavior of
the MAG. The trend is equalized and the error obtained is observed in Table 5.8. These
are very similar with the first proposal, however the changes are by ten-thousandths of
a unit: 0.00000989 difference in this second model in the test data. Again, since we are
talking about microscopic particles, it is considered an improvement. [63]

Figure 5.8: Second Regressor proposal: Feature Engineering with MAG data

Score Training Data Testing Data
R2 0.86080858 0.86081928

MSE 0.00326707 0.00327511
MAE 0.03675415 0.03671479

Table 5.8: Second Regressor Performance
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5.1.2.3 Third Proposal: Sliding window of all Locations

In this third and final proposal, a form was chosen in which all the data collected over
the years from all MAG locations would be included. A 16-space sliding window was also
tried, resulting in a total of 351 observations. However, what must be highlighted is the
number of columns, now there are 435 dimensions or characteristics because each location
has its own characteristics and all were entered in a space of the sliding window. So, if the
window had a single space and a single dimension, there would be at least 9 dimensions
because there are 9 locations. [65]

The results are represented in Figure 5.9. It can be seen that we return to the error
of the first proposal, where the regressor returns measures that are considerably lower
than reality. However, it can be seen that some peaks are also better approximated. In
Table 5.9 you can see the error of this model with respect to the Ångström Exponent
that was actually recorded. Regarding the squared error of the previous proposal in the
evaluation, this proposal worsened by 0.00000784. This could be due to the fact that the
areas around the MAG change a lot and instead of providing information, they provide
noise, so it would be necessary to analyze those measurements that actually provide
information to the model and discard the others.

Figure 5.9: Third Regressor Proposal: MAG and its surrounding feature engineering.

Score Training Data Testing Data
R2 0.86080013 0.8601767

MSE 0.00326179 0.00326727
MAE 0.03689758 0.03682286

Table 5.9: Third Regressor Performance
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5.2 Discussion

The proposed hypotheses were validated because based on the observation of MAG satel-
lite data, a pattern was identified in the behavior of particle size. This behavior could be
used in a Machine Learning regression model and a forecast of the particulate matter of
the MAG was achieved.
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6. CONCLUSIONS

Summary: This chapter presents the conclusions of each phase of the project and future
work in relation to the development of better machine learning models to improve the
certainty of the forecasts and make them more helpful.
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6.1 General Conclusions

Similarly to the results, two specific conclusions from the project stand out. That of the
first part of the descriptive statistics, which in turn served as the basis for the develop-
ment of the model developed and tested in the second part of the research. Regarding the
project in general, it is concluded that satellite measurements provide valuable informa-
tion that needs to be collected, cleaned and observed. These studies can be achieved with
the publicly accessible information that NASA publishes daily and can be the motivation
for investment in projects of greater scope and with greater precision, where the final goal
continues to be public health, the care of the flora and fauna and the taking of preven-
tive and corrective measures against environmental phenomena caused by anthropogenic
aerosols.

6.1.1 Descriptive Statistics Conclusion

It is concluded that summer was the season of the year with the largest Ångström Ex-
ponent, Aerosol Optical Depth and Mass Concentration during the period from spring
2000 to the beginning of spring 2023. This corresponds to fine particulate matter of an-
thropogenic origin. In the graphical aspect, figures 5.1 to 5.6 shown show an outstanding
pattern in the behavior of aerosols from the perspective of the measurements studied. The
sequence begins in spring, where the three selected characteristics increase progressively
until reaching summer, where the maximum value of the current year is found. Subse-
quently, it is observed that the trend is to decrease in autumn and reach the lowest point
of the year in winter, and then return to the midpoint in spring and repeat the pattern.
This research confirms that the seasonal behavior of the ZMG follows a sequence seen for
23 years, so it is possible to take advantage of this pattern and correlate the atmospheric
phenomena seen in the corresponding seasons of the year with the data presented here,
trying to mitigate them. and ideally correct them. These conclusions were synthesized
and submitted to the IEEE International Geoscience and Remote Sensing Symposium
(IGARSS). The paper proposal was accepted and its cover is exposed in appendix B,
which is going to be published on the last trimester of 2024. [66]

6.1.2 Machine Learning Regression Model Conclusion

With the proposed regressor, it was possible to approximate the trend of the observations
and bring the predictions closer to a considerable error. The data extracted over 23 years
were used in their entirety and patterns and trends were seen with respect to the seasons
and the months of the year. The model with the best results obtained an accuracy of
86.08% in the R2 metric, an average square error of 0.0032 and an average absolute error of
0.0367. Although the results of the errors in the three proposals are similar, as mentioned
above, microscopic particles are being treated and the “small” differences become relevant.
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In general, we achieved the objective of obtaining a regressor that approximated the
measurements of the Ångström Exponent, certain enough to be considered as a first step
towards a pollution traffic light in the MAG. Likewise, by having a tool that allows us to
identify fine particles from coarse ones, campaigns can be justified that allow us to reduce
the finer particles, which are more harmful to humans, because they can reach the alveoli
and cause respiratory diseases, causing greater morbidity and mortality in the exposed
population.

6.2 Future Work

It is likely that there are still more Machine Learning or even Deep Learning models that
consider more factors and result in a more accurate approximation, but these models
would be based on the collection and observation of the historical satellite measurements
of the MAG collected in this research. The Machine Learning models proposed in this
research can continue to be trained with data from subsequent years until today. Likewise,
we would seek to find a model that has better precision with respect to the results of the
best model obtained here. An R2 of 86.08%, MSE of 0.0032 and MAE of 0.0367. These
models would make it possible to predict the risk areas of the MAG and make decisions
with less uncertainty, including taking preventive measures with greater confidence. More
boosting models can be proposed to compare performance and also fine-tune the hyper
parameters to try to generalize the behavior and reach a model that is generic enough to
allow reliable predictions.

The seasonal patterns of particulate matter obtained in this study is knowledge that can
help future research on the physical and optical properties of clouds formed by PM nuclei
of anthropogenic origin that will allow us to understand changes in rainfall during the
season. of rains that have been generated in the MAG.
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