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RESUMEN

Este articulo presenta un analisis detallado de los contaminantes del aire en la ciudad de Puebla, México,
basado en datos recopilados entre 2016 y 2024. La investigacion examina la variacion diaria de cinco
contaminantes principales: ozono (O3), material particulado menor de 10 micras (PM)(), material particu-
lado menor de 2.5 micras (PM;s), dioxido de azufre (SO,) y dioxido de nitrogeno (NO,). Para identificar
tendencias significativas y patrones estacionales, se aplicaron la prueba de Mann-Kendall, el método de
analisis de tendencia innovador y la transformada wavelet. Los resultados indican tendencias ascendentes
estadisticamente significativas en las concentraciones de Oz, SO, y NO,, mientras que los niveles de PM oy
PM; 5 han mostrado una disminucion sostenida a lo largo del periodo de estudio. El analisis con escalogramas
revela concentraciones de energia estacional en SO, posiblemente asociadas con la actividad industrial y las
condiciones meteorologicas. Ademas, se utilizo el modelo de prondstico Prophet para estimar los niveles de
PM; s y PMjg entre 2022 y 2024, observandose un mejor desempeiio del modelo en horizontes temporales
mas largos. Este estudio resulta especialmente relevante ante el crecimiento urbano y la actividad industrial
en Puebla, factores que pueden contribuir al deterioro de la calidad del aire y afectar la salud de la poblacion.
La identificacion de tendencias y patrones en la contaminacion del aire es esencial para la implementacion
de estrategias de mitigacion y politicas publicas orientadas a mejorar la calidad del aire en la region.

ABSTRACT

This article presents a detailed analysis of air pollutant dynamics in Puebla City, Mexico, using data collect-
ed between 2016 and 2024. The research examines the daily variation of five main pollutants: ozone (O3),
particulate matter smaller than 10 microns (PMyy), particulate matter smaller than 2.5 microns (PM, ),
sulfur dioxide (SO,), and nitrogen dioxide (NO,). To identify significant trends and seasonal patterns, the
Mann-Kendall test, innovative trend analysis (ITA), and wavelet transform were applied. The results indicate
statistically significant upward trends in O3, SO,, and NO, concentrations, while PM ;o and PM; s levels have
exhibited a sustained decrease throughout the study period. The scalogram analysis highlights seasonal energy
concentrations of SO,, potentially linked to industrial activity and meteorological conditions. Additionally,
the Prophet forecasting model was used to estimate PM, 5 and PM levels from 2022 to 2024, achieving
better performance over longer time horizons. This study is particularly relevant given the urban growth and
industrial activity in Puebla, factors that can contribute to the deterioration of air quality and affect the health
of the population. The identification of trends and patterns in air pollution is essential for the implementation
of mitigation strategies and public policies aimed at improving air quality in the region.
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1. Introduction

Air pollution is one of the most significant environ-
mental issues worldwide, impacting human health,
the climate, and ecosystems. According to the World
Health Organization (WHO), 99% of the world’s
population breathes air with pollutant levels higher
than recommended. Mexico faces critical levels of
air pollution, especially in its large cities. According
to data from the Secretaria de Medio Ambiente y
Recursos Naturales (Secretariat of Environment and
Natural Resources, Semarnat) and the Red Nacional
de Monitoreo Atmosférico (National Air Monitoring
Network), the cities with the highest levels of air
pollution are Mexico City, Monterrey, Guadalajara,
Toluca, and Puebla. High levels of air pollution have
led to the implementation of measures such as ve-
hicle restriction programs, restrictions on industrial
activity, and the promotion of public transport. Puebla
is one of the most important and populated cities in
Mexico, with growing industrial activity and a strong
connection to Mexico City. Studying pollution in this
area is key for several reasons: urban and industrial
expansion, atmospheric interconnection with Mex-
ico City, meteorological and orographic conditions,
impact on public health, and regional mitigation
strategies. These factors highlight the importance of
studying air pollution in Puebla and nearby urban
areas. A better understanding of pollutant behavior
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is essential to design effective public health interven-
tions, develop regional mitigation strategies, and pro-
mote sustainable development across central Mexico.

According to the 2020 Population and Housing
Census conducted by the Instituto Nacional de
Estadistica y Geografia (National Institute of Statis-
tics and Geography, INEGI), the population of the
municipality of Puebla was 1692 181 inhabitants,
making it the fourth largest city in the country after
Mexico City, Monterrey, and Guadalajara. Puebla is
part of the Puebla-Tlaxcala metropolitan area, whose
geographic position and relatively flat topology are
key for trade throughout the country.

Puebla is located at an average altitude of 2160
masl, and is surrounded by mountain ranges of the
Trans-Mexican Volcanic Belt (TMVB). To the west
lie the Popocatépetl and Iztaccihuatl volcanoes, to the
north La Malinche, and to the east, the Pico de Oriza-
ba. The TMVB, where Puebla is located, is a complex
geological region characterized by diverse volcanism
and active crustal deformation (Goémez-Tuena et al.,
2007; Sudrez etal., 2019). The green area of Amozoc,
located on the eastern edge of the urban area, serves
as a significant green lung for the city (Fig. 1a).

The predominant climate in Puebla is temperate,
with varying humidity levels and an average tempera-
ture of 16 °C, with summer being the rainiest season.
The COVID-19 lockdown temporarily reduced the
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Fig. 1. (a) Map of Puebla City and the surrounding areas. (b) SINAICA atmospheric monitoring
stations in Puebla city. (c) Map of Mexico highlighting the proximity of Mexico City and Puebla.
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concentration of carbon monoxide (CO), nitrogen
dioxide (NO,), ozone (O3), sulfur dioxide (SO,), and
particulate matter smaller than 10 microns (PMyy).
However, Puebla City’s air quality has been affected
by a significant increase in pollutants since 2020, ac-
cording to national air quality reports INECC, 2024).

Mexican Official Standards (NOMs) that define
maximum permissible limits for air pollutants incor-
porate recent evidence on health impacts and air qual-
ity management practices. Two types of standards
are used for air quality monitoring: environmental
health NOMs, which establish permissible limits
for criteria pollutants, and technical NOMs, which
define measurement methods for criteria pollutants.

Over recent years, extensive research has demon-
strated the impact of air pollution on health. Exposure
to pollutants such as particulate matter (PM) and O3 is
linked to increased death rates and hospitalizations due
to respiratory and cardiovascular disease. Both short-
term studies, examining daily pollution fluctuations,
and long-term studies, following groups exposed to
pollution over time, have found adverse effects even
at very low exposure levels. Furthermore, it has been
observed that these adverse effects occur even at very
low levels of exposure (Brunekreef and Holgate, 2002).

This work analyzes the temporal dynamics of air
pollutants in the City of Puebla. However, given the
limited literature on air quality studies in this region,
we compared some results with those obtained by
other authors in Mexico City, a metropolitan area that
has a comparable average altitude above sea level
(2160 for Puebla City vs. 2240 m for Mexico City)
and is located at a relatively short distance, approx-
imately 100 km (Fig. 1c). Topographic conditions
are also comparable, since both cities are surrounded
by mountain ranges that influence the dispersion of
pollutants (de Foy et al., 2006).

Although the meteorological and geographic condi-
tions in both cities may be comparable, it is important
to consider the variations in pollution sources and their
management when analyzing their indices (Molina
and Molina, 2002). Mexico City’s metropolitan area
is among the largest in the world, and due to its strong
industrial activity, high transportation traffic, and
enormous population, it emits a lot of ozone precur-
sors. However, Puebla City’s economy is closely tied
to the automobile and textile sectors, which generate
pollutants at a different rate than Mexico City.

Previous studies in Mexico City have highlighted
the role of photochemical activity, complex terrain,
traffic volume, and meteorology in shaping ozone
dynamics (Molina and Molina, 2004). Similar in-
vestigations in Guadalajara and Monterrey report
persistent ozone and particulate matter levels and
identify local emission sources, topographic effects,
and chemical regimes as key influencing factors
(Limoén-Sanchez and Smith, 2011; Hernandez-Pa-
niagua et al., 2017; Diaz-Torres et al., 2022; Fajar-
do-Montiel and Ramirez-Sanchez, 2023). Modeling
efforts in northeastern Mexico further emphasize
that the effectiveness of emission control strategies
depends on the dominant precursor conditions (Sierra
etal.,2013). Despite these advances, cities like Pueb-
la, experiencing rapid urbanization and industrial
growth, have received comparatively less attention
in the scientific literature, underscoring the need for
localized studies.

To understand the temporal dynamics of pollutant
concentrations, several analytical methods have been
developed and applied in recent air quality studies.
Due to its non-parametric nature and robustness to
non-normal distributions, the Mann-Kendall test has
been widely used for trend detection in long-term
pollutant data (Gl et al., 2019; Aladag, 2023).
The innovative trend analysis (ITA), developed by
Sen (2012), offers a graphical approach that can
detect linear and nonlinear trends without statistical
assumptions and has been applied in megacities such
as Istanbul (Gtglii et al., 2019). Wavelet transform
methods allow for the identification of periodic
components and changes at various temporal scales,
and have proven particularly effective in capturing
short-term and seasonal behaviors in pollutants such
as PM, s and O3 (Sahu et al., 2019; Aladag, 2024).
For forecasting, the Prophet model developed by
Facebook has shown high flexibility and performance
in time series with strong seasonality and irregular
trends (Hasnain et al., 2022). Each of these methods
provides complementary insights, and their integra-
tion allows for a more comprehensive characteriza-
tion of air quality evolution.

This study is original in that it integrates non-para-
metric statistical trend tests, multiscale signal decom-
position, and machine learning-based forecasting
into a unified framework for analyzing air pollution.
To our knowledge, this is the first study to apply
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this combined methodology to the case of Puebla,
Mexico, a mid-sized urban center with significant
industrial activity but limited scientific documenta-
tion. The study contributes to a broader understanding
of pollution dynamics in Mexican cities beyond the
well-studied metropolitan areas, such as Mexico City,
Monterrey, or Guadalajara.

The purpose of this study is to conduct a detailed
analysis of the main air pollutants identified in the
city of Puebla in recent years. To achieve this, we em-
ployed statistical and signal processing techniques,
as well as a machine learning model for pollutants
whose concentration has shown an increasing trend.

2. Data
Air pollutants are monitored hourly by the Sistema
Nacional de Informacion de la Calidad del Aire (Na-
tional Air Quality Information System, SINAICA),
which has five stations covering the metropolitan
area. For this study, we selected the central region
of Puebla, using data from three monitoring stations:
Las Ninfas (NIN), Benemérito Instituto Normal del
Estado (BINE), and Universidad Tecnoldgica de
Puebla (UTP), covering the period from January
2016 to April 2024 (Fig. 1b). The pollutants analyzed
include O3, PMy, fine particulate matter (PM, s),
SO,, and NO,. These data were obtained from the
public access site https://sinaica.inecc.gob.mx (3043
daily-averaged observations). The percentage of null
data was not greater than 5% for each station. Mea-
surement gaps were addressed using the multifractal
interpolation method proposed by Diosdado et al.
(2013), which uses local multifractal interpolation
based on temporal patterns in pollutant series, allow-
ing the imputation of missing values without altering
the long-term structure or introducing artificial pe-
riodicities. It has been shown to preserve statistical
properties such as variance and autocorrelation.
These three monitoring stations were selected due
to their data completeness, temporal continuity from
2016 to 2024, and their strategic spatial distribution
across the Puebla Metropolitan Area. The NIN sta-
tion is situated in a residential neighborhood near
the city center; BINE is located in a peri-urban area
influenced by both commercial and residential activ-
ities; and UTP lies within an industrial corridor. This
selection provides a comprehensive representation
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of urban, industrial, and transitional environments
within the dataset.

Figure 1 provides geographic and topographic
context, including the position of Puebla relative to
Mexico City, its surrounding volcanic features, and
the location of the monitoring stations.

3. Methodology

Several statistical and analytical methods were ap-
plied to assess pollutant trends and better understand
their temporal and seasonal variations.

3.1 Mann-Kendall test

The non-parametric Mann-Kendall (MK) test was
used to identify significant trends in the pollutant
data time series (Gilbert, 1987). This methodology
is widely used in trend analysis due to its robustness
and simplicity. The test statistic (s) of the series p;,
D2, P3,---» Pu 18 estimated using Eq. (1), where n rep-
resents the total observations, and p; and p; denote
the observed data at time k and j, respectively,

n—1 n
5= X sen(p-p), (1)

j=1k=j+1
where the sgn function is defined as:

1 if <pk—pj> >0

sgn(pe=p) =10 it (pe—p) =0

(2)
“1 it (pk—pj> <0
The variance of S is estimated as follows:
1
VARS) = — |n(n—1)(2n +5)—
18 3)

g
T(T; - DQT, + 5)]

j:

where, g is the number of the linked group, and T}
refers to the extent of the j-th linked number. From
S and VAR(S), the standardized test measure is cal-
culated using Eq. (4).

S—1

1

—— if >0
v/ VAR(S)
Z=30 if $ =0 “4)
S+1 f5<0

\/VAR(S)


https://sinaica.inecc.gob.mx

Evaluation of air quality in Puebla, Mexico

A positive value of Z indicates increasing trends,
while a negative value indicates decreasing trends in
the time series data.

3.2 Innovate trend analysis

The innovative trend analysis (ITA) method was in-
troduced by Sen (2012) to evaluate trends in different
time series. This method does not require normality,
serial autocorrelation, or specific data length. Ad-
ditionally, it is robust to outliers and autocorrelated
data. The ITA method has been applied in urban air
quality studies, including major metropolitan areas
such as Istanbul, where it has proven effective for
combining trend diagrams with air quality index eval-
uations (Giiglii et al., 2019). In this method, the given
time series data is divided into two equal subseries,
and then each subseries is arranged in ascending order
independently. The subseries are plotted against each
other, with the first half of the subseries on the x-axis
and the second half on the y-axis to obtain a scatter
diagram. Finally, the 1:1 straight line is drawn. Data
points above this line indicate increasing-positive
trends, while those below indicate decreasing trends
(Sen, 2017). The ITA indicator (ITA;,s) is computed
as follows:

1 < 10(p; — p)

ITAjjy=— ) ——,

ind " Z; i (5)
where p; and p; indicate the values of the first and
second half, n is the extent of each half, and p; is the
mean of the first half. The slope () of the series can
be calculated using the following equation:

m, = 2(p_l _p_Z) (6)
n

where p; is the mean of the second half.

3.3 Wavelet transform

In recent years, the wavelet transform theory has
been widely investigated due to its applications in
various disciplines, including physics, numerical
analysis, signal processing, probability, and statis-
tics, among others. Its usefulness lies in its ability
to approximate a function or signal while retaining
spatial information using a set of functions known
as wavelets. Additionally, the wavelet transform is
employed to extract localized features of interest in
a signal, resulting in improved data compression.
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Hybrid approaches combining wavelet analysis with
traditional time-series forecasting methods have
shown promise in improving prediction accuracy for
PM concentrations (Aladag, 2021).

The continuous wavelet transform of a function
) is defined as the convolution of f{¢) with an an-
alyzer function w(o). To be considered a wavelet,
the function must be localized in time as well as in
frequency space; moreover, it must be an integrable
function, that is, with zero mean (Farge, 1992).
It ojs also assumed that  is normalized, that is,

yy* do = 1, where y* is the complex conjugate.
For a scale s, location u, and time ¢, the variable

(w—1)
o =
N

(7

can be seen as a dimensionless time scale. For a given
time function f{¢), the continuous wavelet transform
is obtained by

1 [t u
Wu,s) = —J l//*(
NI

where the factor 1/vs is necessary to satisfy the nor-
malization condition.

The set of basis functions is derived from a single
function called the wavelet mother function, which
is the function that undergoes modifications to per-
form the analysis; it is expanded or compressed, and
translated along the signal. These modifications occur
through the scaling and displacement parameters.
Scaling stretches or compresses the wavelet, which
is lengthened or compressed, allowing both detailed
and global components of the signal to be observed.
Displacement refers to the shifting of the wavelet
along the signal.

This paper concentrates on the three different
mother wavelets given in Torrence and Compo
(1998):

The Morlet wavelet (Fig. 2a):

-1
B )f(t)df, (8)

2

1.
(o) = ﬂzolk"e_% . ©)

The Paul wavelet (Fig. 2b):
2kik!

\VrQ2rx)!

And the derivative of Gaussian (DOG) wavelet
(Fig. 2¢):

y(o) = (1 —io) ®+D, (10)
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y(o) = \e 2
YTk + 1) do

The value of k controls the number of oscillations
present in the mother wavelet and will therefore
strongly influence the frequency and time resolution
of the corresponding wavelet transform. The Morlet
wavelet has a reasonably large number of oscillations,
which will ensure good frequency resolution. The
Paul wavelet has far fewer oscillations but is highly
localized in time. This will give it a very fine time
resolution and at the same time a reduced frequency
resolution. The DOG wavelet has relatively few os-
cillations over a much larger time domain. Note that
both the Morlet and Paul wavelets are complex-val-
ued, while the derivative of the Gaussian wavelet
is real-valued. Wavelet analysis was used to extract
localized features of interest in the signal, allowing
for better data compression and the identification of
seasonal cycles and variation patterns. Wavelet trans-
form methods allow for the identification of periodic

(_ 1)k+1 dk _0._2>
(11)
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components and changes at different temporal scales,
and have proven particularly effective in capturing
short-term and seasonal behaviors in pollutants such
as PM, s and O3 (Sahu et al., 2019).

The three wavelet functions were selected for their
complementary analytical capabilities, particularly in
the context of scalogram representation, which visu-
alizes how signal energy is distributed across time and
frequency. The Morlet wavelet, with its strong fre-
quency localization, excels at identifying long-term
periodicities in the data and appears in the scalogram
as persistent patterns across broader time intervals
and lower frequencies. In contrast, the Paul wavelet
provides high temporal resolution, making it suitable
for detecting transient or short-duration events, which
are represented in the scalogram as sharp, localized
bursts of energy at higher frequencies. Lastly, the
DOG wavelet is sensitive to sudden transitions and
is effective for detecting abrupt changes or edges in
the time series, which manifest in the scalogram as
sharp contrasts in energy distribution. Together, these
wavelets allow for a multiscale decomposition of the
pollutant time series, effectively capturing dynamic
atmospheric processes under varying environmental
conditions.

3.4 Prophet forecasting model
The Prophet forecasting model (PFM) is a time series
regression tool developed by the Core Data Science
team at Facebook (Taylor and Letham, 2017). It is
specifically designed to model daily data with strong
seasonal components, such as air pollution concen-
trations in environmental applications. PFM de-
composes the time series into three key components
(trend, seasonality, and special events), resulting in
a flexible and interpretable model. The additive form
of the model is:
YyO=8@+sO+h@®+e@ (12)
Here, y(f) represents the predicted value obtained
from either a linear or logistic equation. The functions
g(?) and s(¢) capture the seasonality or time series
patterns based on yearly, monthly, daily, or other
periodic cycles, A(¢) accounts for outliers related to
holidays, and () represents the random or unexpect-
ed error. A distinctive feature of PFM is its ability to
incorporate trend change points, which mark periods
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when the underlying behavior of the time series shifts,
often due to interventions, holidays, or exogenous
events. These change points can be specified manu-
ally or detected automatically. To avoid overfitting,
Prophet applies L1 regularization to reduce a large set
of potential change points to only the most relevant.

Thanks to its capacity to handle structured sea-
sonality and incorporate external regressors, PFM
has been successfully used to forecast air pollutant
concentrations (e.g., Shen, 2020; Hasnain et al.,
2022). In this study, we trained the model using data
from 2016 to 2021 and evaluated it using forecasts
for the year 2022. As part of the modeling, we in-
cluded official Mexican holidays and a COVID-19
restriction regressor based on the epidemiological
semaphore (ES) system, to account for the impact
of pandemic-related lockdowns and reduced human
activity on pollutant levels.

All data processing, statistical analyses, and mod-
eling procedures were conducted using the Python
(3.11) programming language with the following
libraries: PyWavelets, fbprophet, and statsmodels.

4. Results and discussion

4.1 Descriptive statistics

Table I presents the summary statistics of the pol-
lutants. Positive skewness is exhibited by the five
series, indicating a trend to extremely high values
of the pollutants rather than a trend showing reduced
values. Fat tails are present in the five series as shown
in terms of kurtosis and Shapiro-Wilk statistics.
Figure 3 exhibits the time series of the five pollutants
in the period from January 2016 to June 2024. All
pollutants showed an annual cycle. The maximum
and minimum of the O3 cycle are found for the win-
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ter-spring and summer-autumn seasons, respectively.
The green line represents the average concentration.
The time series of O3 concentration in Puebla City
indicates sustained oscillations, suggesting stationari-
ty, i.e., increases and decreases occur in a predictable
seasonal cycle pattern. In addition, elevated O; levels
tend to form during periods of warm temperatures,
so health-hazardous levels are common during the
summer season. These levels can increase during the
warm season due to several interrelated factors. O is
mainly formed through chemical reactions involving
sunlight, nitrogen oxides (NOy), and volatile organic
compounds (VOCs).

Evaluating distributional characteristics, such
as skewness, kurtosis, and the results of the Shap-
iro-Wilk normality test, is essential for determining
whether the assumptions of classical statistical
models are met. In the context of air pollutant data,
which often exhibit marked positive skewness, high
kurtosis, and deviations from normality, these metrics
help reveal underlying asymmetries, tailing behavior,
and the presence of outliers. Such deviations can
distort parametric analyses that assume normality,
leading to misleading results. The Shapiro-Wilk test,
in particular, offers a formal assessment of normality.
Given the observed non-normality in the data, the use
of non-parametric methods such as the Mann-Kendall
trend test and ITA is statistically justified, as these
approaches are more robust to outliers, skewness,
and heavy-tailed distributions, ensuring more reliable
inferences in environmental time series analysis.

4.2 Trend analysis

Table Il shows the trends obtained from the
Mann-Kendall test. The p-value of the test is less than
0.05 for all pollutants, indicating enough evidence

Table I. Summary statistics of the five air pollutants studied.

Pollutant Minimum  Mean Maximum Standard ~ Skewness  Kurtosis Shapiro-

(ugm>)  (ugm™) (ug m™>) deviation Wilktest
(ngm™)

0O; 0.014 0.044 0.103 0.013 0.956 1.192 0.948(000)

PM;j 5.739 41.575 109.680 15.498 0.597 0.372 0.978(000)

PM; s 1.666 17.122 59.158 7.403 0.995 1.665 0.947(000)

SO, 0.0008 0.003 0.010 0.001 0.987 1.843 0.952(000)

NO, 0.007 0.025 0.059 0.007 0.657 0.446 0.973(000)
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Fig. 3. Daily variations of five air pollutants in the Puebla City center region. (a)
Ozone, (b) particles with aecrodynamic diameter smaller than 10 pum, (c) particles
with aerodynamic diameter smaller than 2.5 um, (d) sulfur dioxide, and (e) nitrogen
dioxide. The vertical line denotes the mean of the time series.

Table II. Summary of the Mann-Kendall test for the five air pollutants studied.

Pollutant ~ Trend p-value Z T S Var(s)

0O; Increasing 0.00 17.59 0.21 984559 3.132395¢°
PMj Decreasing 0.00 -7.79 —-0.09 —436067  3.132397¢’
PM; 5 Decreasing 0.01 -2.53 -0.03 141998  3.132386¢°
SO, Increasing 0.00 15.53 0.18 869403 3.132395¢°
NO, Increasing 0.00 17.23 0.20 964650 3.132391¢°

to conclude that a trend is present in the. A positive
Z value indicates increasing trends for O3z, SO, and
NO; while a negative value of Z indicates decreasing
trends for PM;o, and PM; 5. Using the ITA method,
we can contrast this fact in the graphs (Fig. 4, left
side), where the pollutants with negative trends ap-
pear below the 1:1 line, and those with positive trends
appear above it. Finally, using Eq. (6), a straight line
is obtained that illustrates the trend in the time series

data of the pollutants (Fig. 4, right side), reaffirming
the results given by the Mann-Kendall test.

4.3 Wavelet analysis

4.3.1 Ozone (O3)

Figure 5 presents the scalograms of the Morlet, Paul,
and DOG wavelet spectra of O3 and PMj. In the
case of O3, the Morlet wavelet is used to generate
the scalogram in Figure 5a. This complex wavelet
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Fig. 4. Left column: scatter plots from the innovative trend analysis (ITA) method comparing the first and second halves
of each pollutant time series. Right column: daily time series of each pollutant with two overlaid trend lines: the red
line represents the linear slope obtained from ITA, while the yellow line shows a 10-day moving average, used here as

a simple low-pass filter to reduce high-frequency variability and highlight long-term trends in the data.
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is useful for detecting periodic patterns or dominant
frequencies in the data. The x-axis is the period (in
days) of the original signal corresponding to the
wavelet scale on the y-axis, related to frequency.
Wavelets with higher frequencies are plotted on
lower scales and vice versa. The intensity or color
indicates the magnitude of the transformation at a
specific point in time and wavelet scale. The deeper
the color or the higher the value, the higher the signal
energy at that location. Therefore, the yellow contour
encloses regions with confidence greater than 95%.
The largest yellow band is observed in the 360 days,
indicating that we have a highly correlated signal, i.e.,
a pattern of strong influence. The hatched regions at
each end indicate the “cone of influence” where edge
effects become important. It is essential to note that,
from March 2020, the city of Puebla experienced a
partial or total shutdown of factories, in addition to
a lockdown due to the COVID-19 pandemic. How-
ever, this analysis showed that the O3 concentration
did not decrease despite the measures imposed in
response to the health crisis. A yellow coloration is
even observed from 2020 to 2023, in approximately
360 days. In addition, high-energy bands can be vi-
sualized at smaller scales. The right side of Figure 5a
shows the Morlet wavelet spectrum and the Fourier
spectrum. Here, the frequencies of the signals and
their amplitude are shown. The peak of the dominant
frequency is observed at 360 days. While the Fourier
spectrum describes the frequencies present in a signal
globally, the wavelet spectrum provides a time- and
frequency-focused representation, making it easier
to identify signal characteristics at various times and
time scales.

Figure 5b shows that the Paul wavelet reflects a
high-energy region on a 360-day scale. The cone of
influence is narrower, suggesting that local pertur-
bations have a more limited effect on the outcome
of the analysis. Being a complex function that takes
complex values instead of real values provides a more
complete representation of the signal, as it includes
more information about amplitude and phase. Here,
the Fourier spectrum shows two dominant peaks of
energy, the predominant peak at about 360 days and
a fainter peak at 130 days.

Figure 5c presents the analysis performed on the
time signal using the mother wavelet DOG. The most
notable difference is the fine-scale structure using

479

DOG. This might be because DOG is a real function
that captures the positive and negative oscillations of
the time series as separate peaks in the wavelet pow-
er. Morlet and Paul wavelets are complex functions
containing more oscillations than DOG, and hence,
the wavelet power combines positive and negative
peaks into a single broad peak. Overall, the figures
shown contain similar power features on the 360-day
scale. The DOG wavelet is narrower in space-time but
broader in spectral domain than the Morlet wavelet.
In Figure 5c, the peaks appear sharper in time and
more elongated in scale.

4.3.2 Particles smaller than 10 microns (PM;y)
Regarding the Morlet wavelet (Figure 5d), we
note that at the 360-day scale, there is a persistent
high-energy band throughout the entire period. Ad-
ditionally, significant autocorrelations are observed
at scales shorter than eight days across the entire
period. However, the use of this wavelet does not
offer relevant information for this pollutant. The
Paul wavelet exhibits a high-energy band through-
out the entire period, spanning approximately 360
days, which weakens at the beginning of 2020 and
again at the beginning of 2022. This band shows a
significant autocorrelation peak around 32 days in
mid-2019. Furthermore, significant autocorrelations
are present at scales below eight days throughout the
entire period. Finally, in the scalogram correspond-
ing to the DOG wavelet, we observe a high energy
concentration at approximately semi-annual periods,
ranging from 200 to 500 days.

4.3.3 Particles smaller than 2.5 microns (PM;s)
Regarding the Morlet wavelet (Fig. 6a), we note that
on a 360-day scale, there is a narrow high-energy
band throughout the period, which decreases its pow-
er between 2020 and 2022. Additionally, significant
autocorrelations are observed at scales shorter than
eight days throughout the entire period. The Paul
wavelet exhibits a high-energy band around 360 days
that begins to extend to very large scales starting in
2019. In the scalogram corresponding to the DOG
wavelet, we observe a high-energy concentration in
approximately semiannual periods ranging from 200
to 500 days and expanding to larger scales starting in
2019. Note that in all three scalograms, an important
peak in signal energy appears in 2019.
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4.3.4 Sulfur dioxide (SO)
Figure 6a-c presents the analysis for the SO, pollutant
with the Morlet, Paul, and DOG wavelets, respective-
ly. With the Morlet wavelet, we can highlight that on
a 360-day scale, there is a high-energy band in time
from 2019 to 2023; this band extends to the cone of
influence, which is the area where the wavelet has
a significant influence on the reconstruction of the
original signal. Furthermore, it is noteworthy that
we observe significant frequencies at both high and
low scales. Recalling that higher scales represent
lower frequency components and vice versa. The
Paul wavelet shows some high energy zones between
2019 t0 2020 and between 2021 to 2022. This energy
extends from a scale of 64 to 512 days to the cone
of influence. It is worth noting that the signal also
exhibits high energy on smaller scales. We notice that
the 95% confidence band of the spectrum is limited,
which may be due to the fact that the Paul wavelet
is a real wavelet that is based solely on magnitude
and does not consider phase, a crucial aspect for
understanding the complete structure of the signal.
Finally, the DOG wavelet derived from the difference
between two Gaussian functions, is useful for detect-
ing edges and local features. It is relatively simple
and effective for identifying abrupt transitions. Here,
we see that the SO2 concentration increased over a
period of 360 days. It is important to note that this
wavelet reveals high energy at specific points in time.
The presence of high-energy zones in SO, scalo-
grams, particularly between 2019 and 2023, may
be associated with seasonal changes in industrial
activity, use of fossil fuels during colder months, or
meteorological conditions such as wind stagnation or
temperature inversions. However, additional data on
emissions inventories would be necessary to confirm
these associations.

4.3.5 Nitrogen dioxide (NO;)

Figure 7 shows the analysis performed for the NO,
pollutant with the Morlet, Paul, and DOG wavelets.
From here, we can highlight that on a scale greater
than 256 days, there is a high-energy band throughout
the entire period, increasing the power of the signal
from 2021 onwards. Figure 7b shows that the Paul
wavelet indicates a high concentration of NO, at
small scales. We can see that there is no autocorrela-
tion at scales less than 1000 days during the periods

2019-2021 and 2022-2023. High concentration levels
were present on scales greater than 16 days starting
in 2021. For the DOG wavelet, we can observe the
lack of autocorrelation at scales of less than 1000 days
during the period 2019-2021. A significant peak of
autocorrelation can be observed at the beginning of
2022 on all scales less than 512 days.

The marked NO, peak observed in early 2022
may relate to the post-lockdown economic recovery
and increased vehicular activity, particularly after the
relaxation of COVID-19 restrictions. This rebound
effect has been documented in multiple cities during
2022, where pollutant concentrations rose again
after confinement periods due to the resumption of
transport and industrial emissions (Dong et al., 2022).

4.4 PM; and PM; 5 forecast

It is worth noting that in the scalograms for PM and
PM, 5 (shown in the previous section), a prominent
peak in energy appears in 2019. This is possibly be-
cause the Spearman correlation coefficient » between
these two pollutants is 0.8, while the correlation
between PM and the other pollutants remains close
to » = 0. The existence of this peak coincides with
the fact that the highest concentrations of PM; 5 were
recorded in May 2019 (Fig. 8b). In Mexico, the Offi-
cial Mexican Standard NOM-025-SSA1-2014 (SSA,
2014) establishes that the concentration limit for
PMS, 5 is 30 ug m~, although the WHO recommends
25 ug m (Fig. 8a). For this reason, in this section
our primary objective is to model concentrations of
PM, 5 and PM air pollutants.

To model both short-term and long-term trends in
PM concentrations, we incorporated official Mexican
holidays and a COVID-19-related regressor into
the PFM. This regressor accounts for the impact of
lockdown periods enforced via Mexico’s ES system,
which categorized regions by color based on the
severity of the COVID-19 spread. During red and
orange phases, significant reductions in mobility,
industrial activity, and emissions were observed,
particularly affecting pollutants such as PMy and
PMj, 5. Incorporating this regressor allows the model
to isolate the effect of these anomalies and yield more
reliable trend estimations.

The PFM was trained using data from 2016 to
2021 and evaluated with forecasts for the period
2022-2024. Figure 9 presents the observed and
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derivative of Gaussian (DOG) wavelets.

predicted values for (a) PM; 5 and (b) PM,o. The
training data (2016-2021) are shown in black, the
test data (2022-2024) in red, and the predicted trend
in blue, with a shaded area representing the model’s
uncertainty intervals. Including the full-time span
in the figure provides a clearer visualization of both
models’ fit and forecast behavior.

The model’s performance was evaluated using the
correlation coefficient for 2022 (after training), and

the results are presented in Table III for PM, 5 and
PM. As shown, the PFM exhibits weak performance
in the short term, with a very low correlation between
actual and predicted values for both PM; 5 and PM .
In this case, the model cannot accurately capture
the short-term fluctuations and dynamics of these
pollutants, due to the complex and rapidly changing
factors. Over six months, the correlation increases to
moderate levels, indicating that the model can capture
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Table III. Correlation coefficient R between observed and
predicted concentrations of PM; s and PM;( using the
Prophet model over increasing forecast horizons.

Time PM2_5 PMIO
30 days 0.03 0.05
90 days 0.13 0.11
180 days 0.40 0.42
270 days 0.40 0.64
360 days 0.30 0.61

more of the underlying trends in both PM, 5 and PM
for long-term patterns. For PM,, the PFM shows
a strong prediction ability over nine to 12 months,
with correlations values ranging 0.61 to 0.64. This
suggests that the model is more effective at captur-
ing long-term trends for PM,y, due to more stable
temporal patterns in its behavior. On the other hand,
for PM, s, the correlation remains moderate (around
0.40) at the nine-month horizon, but decreases to 0.30
over a full year, indicating that the PFM for PM, 5 is
less reliable over extended periods.

According to our calculations, the PFM performs
better for PM;o than PM, 5 over longer periods, im-
plying that the utility of the model is more suitable

for medium- to long-term forecasting for PMy.
Additionally, short-term predictions for both pollut-
ants should be interpreted with caution due to weak
correlations.

The improved performance of the PFM over longer
time horizons can be attributed to its ability to capture
seasonal and trend components more effectively than
short-term high-frequency variability. Short-term fluc-
tuations in pollutant concentrations are often driven
by transient meteorological events and localized emis-
sions, which are harder to model without high-frequen-
cy meteorological covariates. This behavior has been
observed in similar air quality forecasting applications
using Prophet (Shen et al., 2020).

Finally, we use the PFM to observe the underlying
trend. The analysis of air quality data using the PFM
revealed significant trends for both PM; s and PM
concentrations. After isolating the trend components
of the model, the trend analysis showed a clear de-
creasing pattern over the study period. We computed
the average rate of change for the test dataset starting
from 2022, obtaining —0.0031 and —0.0053 for PM, s
and PM,, respectively. In Figure 10, the trend com-
ponent of the model indicates a consistent decline in
PM,; 5 and PM,, concentrations, in accordance with
the results of previous sections for PM;y and PM, s.
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Fig. 10. Decreasing trends for PM, s and PM using the Prophet forecasting model.
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4.5 Discussion

This study provides a comprehensive temporal
characterization of air pollutants in Puebla City by
combining non-parametric trend analysis, wave-
let-based spectral decomposition, and time-series
forecasting through the PFM. The results obtained
reveal important spatial and temporal patterns that
align with, but also extend beyond, findings in other
Mexican urban contexts.

The trend analysis, using the Mann-Kendall
and ITA methods, showed significant increases in
03, SO,, and NO,, while PMy and PM, 5 levels
decreased, consistent with post-pandemic transi-
tions and structural changes in emissions. A sim-
ilar behavior has been reported in Monterrey and
Mexico City (Peralta et al., 2021; Fajardo-Montiel
y Ramirez-Sanchez, 2023), where economic reactiva-
tion was accompanied by a partial rebound in gaseous
pollutants but not in PM, possibly due to long-term
emission control strategies.

The wavelet transform analysis confirmed that
pollutant behavior in Puebla exhibits seasonal cycles,
especially at scales near 360 days, with additional
high-frequency activity (e.g., <16 days) detected in
pollutants like O3 and NO,. These findings suggest that
meteorological variability, industrial activity, and ve-
hicular emissions have a strong influence on daily and
seasonal fluctuations in pollutant levels. The presence
of energy peaks in 2019 across multiple wavelet scales
is particularly noteworthy and may reflect regional
pollution episodes or meteorological anomalies.

A key contribution of this study is the integration
of the PFM. While short-term correlations were weak
due to transient fluctuations and lack of high-frequen-
cy covariates, the model showed better predictive
capacity over longer horizons, especially for PMj.
This aligns with results from Shen et al. (2020) and
Hasnain et al. (2022), who also noted the PFM’s
improved performance in medium and long-term
forecasting. In recent studies, hybrid forecasting
models based on Empirical Mode Decomposition
and ARIMA have also demonstrated potential for
improving air quality prediction, particularly for
complex pollutant patterns (Aladag, 2023).

Moreover, the inclusion of COVID-19 restric-
tion phases as external regressors enhanced the
interpretability of trends. The pandemic offered
a natural experiment to assess how mobility and

activity restrictions affect emissions. Despite reduced
activity during lockdowns, O3 levels remained el-
evated, suggesting the influence of photochemical
mechanisms and meteorological constraints, as
previously observed in Mexico City (Peralta et al.,
2021). Recent studies have used wavelet coherence
analysis to explore the dynamic relationship between
air pollution and the COVID-19 pandemic, revealing
temporal dependencies between lockdown measures
and pollutant levels (Aladag, 2024).

However, the study also presents limitations. The
use of only three monitoring stations may limit spatial
generalizability, and the absence of meteorological
data (e.g., wind, humidity, temperature) constrains
the ability to explain variability. The PFM, although
useful, does not capture short-term pollution spikes or
dynamic interactions between emissions and weather.

Overall, these findings highlight the importance
of using multiscale and hybrid methodologies to
assess air quality in mid-sized cities like Puebla,
where rapid industrial growth and urbanization may
outpace traditional monitoring and policy responses.
Future studies should incorporate more granular data,
advanced dispersion models, and integrate remote
sensing and satellite data to improve forecasting and
support an evidence-based environmental policy.

5. Conclusion

This study highlights the dynamics of air pollution
in Puebla City and its implications for public health
and environmental policy. Key findings indicate sig-
nificant increases in ozone (O3), sulfur dioxide (SO,),
and nitrogen dioxide (NO;) levels, while particulate
matter (PM;o and PM; 5) and carbon monoxide (CO)
levels have shown a decreasing trend. These patterns
reflect a complex interaction between anthropogenic
emissions, urban activity, and atmospheric processes.
While increases in some pollutants may be related to
the resumption of industrial operations and vehicular
traffic, the decline in PM concentrations suggests the
influence of both temporary and long-term structural
factors.

The COVID-19 lockdowns in early 2020 contrib-
uted to short-term reductions in air pollutant concen-
trations, particularly in NO, and PM, 5. However, the
continued downward trend in PM, and PM, 5 beyond
the pandemic period may be indicative of lasting
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improvements in emissions control, such as stricter
regulations, cleaner transportation technologies, and
improved industrial practices.

Similar behaviors have been observed in other
urban centers, where Os levels did not decrease
significantly during periods of reduced activity,
highlighting the role of photochemical reactions
and meteorological conditions in ozone formation.
These dynamics are probably also relevant in Puebla,
underscoring the need for integrated pollution control
strategies that consider local chemical and climatic
processes.

The wavelet analysis performed in this study re-
vealed the presence of high-frequency energy bands
and seasonal cycles in pollutant concentrations,
suggesting that small meteorological variations can
significantly influence air pollution levels in Puebla,
as has been shown in other major cities.

This study has some limitations, including the
use of only three monitoring stations, which may not
fully capture the spatial variability of air pollution in
the city. Additionally, the absence of meteorological
variables such as temperature, wind speed, precip-
itation, and humidity limits the ability to analyze
atmospheric dispersion and chemical transformation
processes. Phenomena such as thermal inversions
and weekly activity cycles were also not explicitly
addressed. Furthermore, while the PFM was effective
in capturing long-term trends, it lacked accuracy in
short-term forecasts due to the absence of high-fre-
quency covariates. Future studies should incorporate
high-resolution meteorological data and dynamic dis-
persion models to better understand the seasonal and
topographic influences on air quality in the region.

To address the challenges associated with poor air
quality, it is essential to implement a dynamic and
responsive management strategy. This should include
precise identification of pollution sources through
spatial analysis, comprehensive health impact as-
sessments, and the deployment of smart monitoring
systems for real-time data acquisition and response.

Policymakers should use these findings to
strengthen environmental regulations, promote
sustainable industrial and urban development, and
increase public awareness regarding the sources and
effects of air pollution. Continued research and policy
action are key to effectively mitigating the environ-
mental and health impacts of urban air pollution.
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