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Abstract

Air pollution remains a major global environmental risk, and exposure to fine particulate
matter (PM2.5) is associated with adverse health outcomes even at low concentrations.
Meteorological conditions influence PM2.5 variability, and precipitation is often expected
to reduce particle loads through wet removal. However, humid and wet conditions may
coincide with elevated PM2.5 under specific atmospheric and compositional conditions.
Here, we investigate long-term relationships between precipitation regimes and PM2.5

concentrations in the Metropolitan Region of Belém (Eastern Amazonia) over the period
1980–2024. We combined PM2.5 from the MERRA-2 reanalysis (including a bias-corrected
product) with in situ precipitation records, and classified precipitation conditions using
the Standardized Precipitation Index (SPI). We find statistically significant positive long-
term tendencies in both precipitation and PM2.5. Stratified analyses show that PM2.5

concentrations are significantly higher under wet conditions, with a weak but significant
positive relationship between SPI and PM2.5 (r = 0.23 for the full period; r = 0.24 for
the wet class, p-value < 0.01). These findings indicate that increased precipitation in a
strong humid tropical urban environment does not necessarily lead to improved air quality.
Instead, wet conditions may favor processes such as hygroscopic growth and secondary
aerosol formation, contributing to higher PM2.5 concentrations on a monthly scale. Overall,
this study highlights the importance of considering precipitation regimes and associated
atmospheric processes when assessing air quality in tropical urban environments.

Keywords: standardized precipitation index (SPI); MERRA-2 reanalysis; bias correction;
long-range aerosol transport; wet removal
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1. Introduction
Air pollution directly impacts various regions of the world, leading to discussions

among global leaders about scientific and political initiatives to address this issue [1]. This
is because emissions of gases and particles into the atmosphere have strongly impacted
population health [2]. It is estimated that virtually the entire world population is exposed to
risks caused by air pollution, resulting in approximately seven million premature deaths per
year [3]. The component of air pollution known as particulate matter (PM), specifically fine
particulate matter (PM with average diameters ≤ 2.5 µm, PM2.5), is directly associated with
harmful impacts on the respiratory and cardiovascular systems. Vos et al. [2] estimated that
in 2019, exposure to PM2.5 caused approximately 4 million premature deaths, representing
7.3% of total global mortality that year. Furthermore, there is evidence that even in regions
of low exposure, the effects of these particles on population health can be lethal [4]. Beyond
emission sources, meteorological conditions modulate PM2.5 concentrations and exposure,
motivating long-term analyses that link climate variability to air quality.

Brazil has continental dimensions and releases PM emissions from diverse sources
of into the atmosphere, varying regionally and locally among urban traffic, industrial
activities, vehicular emissions, and biomass burning [5–9]. However, in general, there
is still a lack of coverage for air quality monitoring, especially over the northern region
of the country [9,10]. This difficulty is partially overcome using satellite products and
reanalysis. Satellite-derived PM2.5 products estimated by reanalysis models have the
advantage of overcoming the limitations of monitoring stations, providing broad spatial
and temporal coverage in areas where direct measurements are not possible [2,7,9,11–14].
Nevertheless, PM2.5 reanalysis remains challenging due to its relatively coarse spatial
resolution, uncertainties in the satellite measurements used as input, and difficulties in
representing the relationship between atmospheric column observations and near-surface
concentrations [15].

Globally, two reanalysis products have stood out for air quality analysis: the Coper-
nicus Atmosphere Monitoring Service (CAMS) [16,17] and the Modern-Era Retrospective
Analysis and Research and Application, version 2 (MERRA-2) [18,19]. In a local assessment
in the southern Amazon basin, Nassarden et al. [9] reported better error and overestimation
metrics for PM2.5 estimation using MERRA-2. MERRA-2 reanalysis products provide
aerosol components, optical properties such as aerosol optical depth (AOD), and mete-
orological variables suitable for deriving PM2.5, as they are based on a comprehensive
representation of the aerosol lifecycle using robust numerical modeling frameworks. The
data are freely available from 1980 to the present and allow for the evaluation of longer
time series, contributing to the identification of trends, seasonal patterns, and statistical
relationships between meteorological variables and PM2.5 [20].

The spatial and temporal variability of PM2.5 is influenced by meteorological factors,
human activities, and environmental characteristics, which at the microscale are strongly
associated with land use and land cover [21,22]. At broader scales, PM2.5 is highly affected
by meteorological factors, especially precipitation, which contributes to particle removal
through wet scavenging. Wet scavenging comprises in-cloud (rainout) and below-cloud
(washout) processes, whereby particles are incorporated into cloud droplets or captured by
falling hydrometeors and subsequently removed from the atmosphere via deposition [23].
At the same time, wet-season conditions and high near-surface moisture can favor hygro-
scopic growth of particles and enhance secondary aerosol formation, which may increase
PM mass concentrations in aggregated metrics [24]. Therefore, precipitation–PM rela-
tionships reflect interacting processes and may not be regulated solely by precipitation
intensity, but also by particle size, optical/spectral behavior, and chemical composition [23].
Importantly, the sign and magnitude of precipitation–PM2.5 associations can differ between
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event scales, when individual rainfall episodes often reduce concentrations via scavenging,
and monthly or regime-scale aggregates, which integrate co-varying humidity, atmospheric
stability, transport, and emission patterns.

Eastern Amazonia, in northern Brazil, especially the Metropolitan Region of Belém
(MRB), is characterized by high rainfall levels throughout the year, with distinct periods
of greater and lesser rainfall intensity [25,26]. This hydrological dynamic, associated
with accelerated urban growth and anthropogenic emissions, makes the region a strategic
environment for investigating precipitation–PM2.5 associations. Despite its relevance,
investigations integrating rainfall variability and air quality remain scarce in this region.
Although the role of precipitation in pollutant removal is well-recognized, gaps persist
regarding the behavior of particles in Amazonian urban areas, where local factors such as
traffic, industrial activities, and specific meteorological characteristics can generate patterns
distinct from those observed in other tropical regions.

In this context, this study aimed to evaluate the association between precipitation
regimes and PM2.5 concentrations in an urban area of Eastern Amazonia, specifically in the
MRB. PM2.5 data were separated into different precipitation classes using the Standardized
Precipitation Index (SPI), enabling regime-scale comparisons based on monthly and long-
term aggregates. This analysis used PM2.5 estimates from MERRA-2 between 1980 and
2024, and evaluated trends in time series of precipitation, air quality index, and PM2.5.

2. Materials and Methods
2.1. Study Area and Precipitation Data

The study was conducted in the Metropolitan Region of Belém, Pará State (MRB),
Eastern Amazonia, northern Brazil (Figure 1). Belém, the state capital, has a total area of
1059 km2, an estimated population of approximately 1.4 million inhabitants, and a popula-
tion density of 1230 inhabitants km−2 [27]. When disregarding the extensive hydrographic
portion of the municipality and considering the main inhabited land areas, including
smaller islands to the south and larger islands to the north, the land area is approximately
509 km2. In addition to Belém, the MRB comprises seven neighboring municipalities:
Ananindeua, Marituba, Benevides, Santa Bárbara do Pará, Santa Izabel do Pará, Castanhal,
and Barcarena, totaling an approximate population of 2.3 million inhabitants [27].

The regional climate is characterized by two main periods: a wet season (January
to April) and a dry or less wet season (July to November), with December, May, and
June representing transition months between these periods [26]. In climatological terms,
the first four months of the year are typically associated with higher rainfall and slightly
lower mean air temperatures (below 26.6 ◦C), whereas the second half of the year tends
to present lower rainfall and higher mean air temperatures (above 27 ◦C) [25]. The MRB
is classified as a humid tropical climate (Am) according to the Köppen system, with high
temperatures and humidity throughout the year, high rainfall totals, and a strong influence
of the Intertropical Convergence Zone (ITCZ) and local convection [26,28].

For precipitation, hourly observational records were obtained from the Brazilian Na-
tional Institute of Meteorology (INMET) database (https://bdmep.inmet.gov.br, accessed
on 1 July 2025) and aggregated to monthly precipitation totals for the period 1980–2024.
This monthly series was used to characterize the regional precipitation regime and to
support regime-scale comparisons over the MRB. To ensure spatial consistency between
precipitation and reanalysis-based aerosol estimates, the MERRA-2 grid cell used in this
study was centered on the INMET station location, as indicated in Figure 1.
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Figure 1. Geographic location of the study area. Emphasis is placed on the pixel cutout from the
MERRA-2 reanalysis, from which aerosol data were extracted, and on the INMET website coordinates
from which precipitation measurements were extracted.

2.2. PM2.5 Estimates from MERRA-2 and Correction for Bias

PM2.5 estimates from the Modern-Era Retrospective Analysis for Research and Ap-
plications, version 2 (MERRA-2), were extracted for the reanalysis grid cell centered on
the INMET meteorological station coordinates, as shown in Figure 1. MERRA-2 is pro-
duced by NASA’s Global Modeling and Assimilation Office (GMAO) and is available at
https://gmao.gsfc.nasa.gov/reanalysis/MERRA-2 (accessed on 1 July 2025). The product
has a spatial resolution of 0.5◦ × 0.625◦ [18,19]. For this study, hourly MERRA-2 data were
extracted from January 1980 to December 2024 and subsequently aggregated to daily and
monthly averages for analysis.

MERRA-2 uses the Goddard Earth Observing System, version 5 (GEOS-5), as the at-
mospheric model, interactively coupled to the Goddard Chemistry, Aerosol, Radiation and
Transport (GOCART) model [29]. The GEOS-5 data assimilation system ingests multiple
observation sources, including ground-based AERONET measurements and satellite re-
trievals from sensors such as MODIS, MISR, and AVHRR. In addition to globally validated
aerosol optical properties [30], MERRA-2 provides estimates of black carbon (BC) and simu-
lates dust (DU) and sea salt (SS) in five size ranges [31], as well as sulfate (SO4) and organic
carbon (OC) [31–33]. PM2.5 concentrations were calculated following Equation (1) [9,12,19]:

PM2.5 = [DU 2.5] + 1.4[OC] + [BC]+[SS 2.5] + 1.375[SO4], (1)
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where [DU2.5], [OC], [BC], [SS2.5], and [SO4] represent the mass concentrations of dust,
organic carbon, black carbon, sea salt, and sulfate aerosol components (diameter ≤ 2.5 µm),
respectively. In addition to global and regional validations of MERRA-2 aerosol products,
we highlight the good performance of MERRA-2 PM2.5 estimates for local analysis in the
Southern Amazon Basin [9].

To improve the reliability of the MERRA-2 PM2.5 estimates, a bias-correction procedure
based on the methodology proposed by Nassarden et al. [9] was applied, using local
observational data from the Southern Amazon Basin as a reference. The correction aimed
to reduce the systematic overestimation commonly reported in reanalysis products when
compared to surface measurements. The bias-corrected PM2.5 was obtained using a linear
fit model given by Equation (2):

PM2.5Bias Corrected = 0.5PM2.5MERRA2 + 1.6, (2)

where PM2.5MERRA2 represents the original estimates of MERRA-2, and the coefficients
a and b were derived from the regression between the reanalysis data and the soil ob-
servations reported by Nassarden et al. [9]. The correction showed robust performance
(R2 = 0.86; correlation r = 0.92; p-value < 0.001), indicating a substantial improvement
in agreement with the observed concentrations. This approach preserves the temporal
variability of the original dataset while reducing magnitude-related biases, enabling more
accurate interpretation of long-term trends and regime-based comparisons.

2.3. Analysis Methods

Boxplot analyses were used as an exploratory statistical tool to describe the distribution
of PM2.5 concentrations under different conditions. The boxplots summarize the median,
interquartile range (IQR), and extreme values, providing a robust visualization of variability
and dispersion without assuming normality of the data. The box represents the 25–75%
interquartile range (IQR), and potential outliers defined as values exceeding 1.5 × IQR.
Figure S1 (Supplementary Material) illustrates the graphical structure of the boxplot used in
this study, including the representation of quartiles, whiskers, and outliers. This approach
is particularly useful for identifying differences between precipitation regimes and seasonal
patterns in PM2.5 distributions. A supplementary analysis was conducted in which PM2.5

concentrations, bias-corrected, were used to calculate the Air Quality Index (AQI) based on
guidelines from the United States Environmental Protection Agency (EPA), adapted to the
Brazilian context [34].

2.3.1. Trend Analysis Using the Mann–Kendall (MK) Test

Temporal trends in precipitation and PM2.5 concentrations were assessed using the
non-parametric Mann–Kendall (MK) test, which is widely applied in hydroclimatic and
environmental studies due to its robustness to non-normal data distributions and reduced
sensitivity to outliers. The MK test evaluates the presence of a monotonic trend (increasing
or decreasing) in a time series without requiring assumptions of linearity or data normality.
The test statistic (S) is computed based on the relative ordering of all possible pairs of
observations in the time series. From S, the standardized test statistic (Z) is derived
to evaluate statistical significance. Positive Z values indicate increasing trends, while
negative values indicate decreasing trends. The strength and direction of the trend are
further quantified using Kendall’s tau (τ), a rank-based correlation coefficient ranging from
−1 to +1. The statistical significance of the trends was assessed at the 5% (p < 0.05) and 1%
(p < 0.01) levels.

To estimate the magnitude of the detected trends, Sen’s slope estimator was applied,
providing a robust measure of the rate of change over time (e.g., µg m−3 year−1 for PM2.5
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and mm year−1 for precipitation). All analyses were performed on monthly aggregated
time series, considering both the full period and subsets defined by precipitation regimes
(e.g., dry, normal, and wet classes).

In addition, linear regression (LR) was applied to evaluate the association between
Standardized Precipitation Index (SPI) values and PM2.5 concentrations at the monthly
(regime) scale. Regression results were evaluated using their respective p-values; rela-
tionships with p-value < 0.05 were considered significant and those with p-value < 0.01
were considered highly significant. The distributional properties used to support inference
were assessed using the Kolmogorov–Smirnov, Anderson–Darling, and Epps–Singleton
methods. All analyses and statistical tests were performed using the Statsmodels module
(version 0.14.x) in Python. These regressions are interpreted as statistical associations in
monthly aggregated series and do not, by themselves, imply event-scale causal effects. The
graphical analyses were performed using Matlab 2025b.

2.3.2. Standardized Precipitation Index (SPI)

The Standardized Precipitation Index (SPI) is an index used to assess how precipitation
varies relative to the climatology of the period considered. Positive SPI values indicate
above-average precipitation, whereas negative values indicate below-average precipitation.
In this study, SPI was calculated at a monthly resolution (i.e., a 1-month time scale) using
Equation (3), allowing a regime-scale classification of precipitation conditions:

SPI =
Pi − Po

σi
, (3)

where i is the time scale; Pi is the observed precipitation; Po and σi are the mean and
standard deviation of the series, respectively. The SPI was used to identify dry and wet
conditions across the study period. Table 1 summarizes the SPI categories according to
McKee et al. [35].

Table 1. Classification of dry and wet periods of the SPI (McKee et al. [35]).

SPI Values Category

<−2.0 ExD = Extreme Drought
−1.99 to −1.50 SeD = Severe Drought
−1.49 to −1.0 MoD = Moderate Drought
−0.99 to −0.49 MiD = Mild Drought
−0.49 to 0.49 NN = Near Normal
0.49 to 0.99 LiR = Light Rainfall
0.99 to 1.49 MoR = Moderate Rainfall
1.49 to 1.99 SeR = Severe Rainfall

>2.0 ExR = Extreme Rainfall

The SPI was then used to quantify the number of months in each category and
to evaluate variations in PM2.5 concentration under distinct precipitation regimes. For
subsequent analyses, SPI categories were consolidated into three groups: wet (ExR, SeR,
MoR, and LiR), normal (NN), and dry (ExD, SeD, MoD, and MiD). This grouping enabled
comparisons of PM2.5 mean concentrations among the three precipitation regimes using
Student’s t-test.

2.3.3. t-Test for Comparison of Means

Pairwise comparisons of PM2.5 mean concentrations among precipitation regimes (dry,
normal, and wet) were performed using Student’s t-test. Differences between groups
were also evaluated using the Mann–Whitney, Mood median, Kolmogorov–Smirnov,
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Anderson–Darling, and Epps–Singleton tests. Statistical significance was assessed at the
0.05 (p-value < 0.05) and 0.01 (p-value < 0.01) levels. For p-values below the chosen thresh-
olds, the null hypothesis (H0) of equality between group means was rejected, indicating
statistically significant or highly significant differences.

The t-tests were applied in pairs for PM2.5 conditions: dry vs. normal, dry vs. wet,
and normal vs. wet. Although the t-test is typically recommended for data that follow
an approximately normal distribution, here inference on mean differences was supported
by the Central Limit Theorem, which states that the sampling distribution of the mean
approaches normality for sufficiently large samples (n > 30), even when the underlying
data are not normally distributed. Figure 2 summarizes the methodological workflow
adopted in this study.

Figure 2. Schematic approach for the analysis of precipitation, and PM2.5 trends, and for deriving
PM2.5 time series for normal, wet, and dry precipitation regimes.

3. Results
3.1. Trend of Increasing Annual Precipitation in the Metropolitan Region of Belém

Figure 3a compares monthly precipitation climatological normals for Belém (1961–
1990, 1981–2010, and 1991–2020) with the study-period series (1980–2024) based on mea-
surements from the conventional Belém weather station. Overall, the monthly patterns are
consistent across periods, indicating a stable and well-defined annual precipitation cycle in
the region. This cycle includes transition months [26] and supports the division between a
wet season (December to May) and a dry or less wet season (June to November) [28].

For Belém, the seasonal precipitation structure is unimodal and strongly seasonal,
with the wet-season months concentrated in the first part of the year and markedly lower
precipitation during the second half of the year [28]. When comparing the study period
with the climatological normals, the largest contrasts are concentrated around the peak
wet-season month: relative to the oldest normal (1961–1990), the study-period peak appears
lower on the order of ~10–15%, whereas differences relative to the more recent normals
(1981–2010 and 1991–2020) are comparatively small (generally within a few percent), sug-
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gesting broadly similar peak-season behavior in recent decades. Minor departures from the
shared seasonal pattern are also apparent in late-wet/early-transition months (e.g., May)
and at the start of the wet season (e.g., December), consistent with modest shifts in the
timing and/or intensity of monthly rainfall within the same unimodal regime.

Figure 3. (a) Comparison of monthly accumulated precipitation for the study period (1980–2024)
with the climatological normals for 1961–1990, 1981–2010, and 1991–2020 in Belém (PA). (b) Time
series of annual accumulated precipitation (1980–2024) in the Metropolitan Region of Belém (MRB),
including the linear trend.

Figure 3b shows the annual accumulated precipitation series for the study period and
indicates substantial interannual variability, with wetter years reaching roughly ~70–90%
higher annual totals than drier years. Despite this variability, both the Mann–Kendall (MK)
test and the complementary linear regression analysis indicate a statistically significant
increasing trend in annual precipitation over 1980–2024. This result is consistent with
previous evidence for increasing precipitation in Belém and suggests that long-term changes
in rainfall have occurred alongside the maintained strong seasonality of the regional
precipitation regime [28,36].

3.2. PM2.5 Concentration

The comparison between the original and bias-corrected PM2.5 datasets (Figure 4) is
consistent with the validation framework adopted in this study. As described in the method-
ology, bias correction was designed to reduce systematic deviations while preserving the
temporal structure of the MERRA-2 product. In the time series (Figure 4a), the corrected
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data shows a clear reduction in magnitude compared to the original dataset, with fewer
extreme values and a narrower variability range. However, both series maintain similar
temporal patterns, including interannual variability and periods of high concentrations.
This indicates that the correction effectively adjusts the amplitude of PM2.5 concentra-
tions without distorting the underlying temporal signal, in accordance with the expected
behavior of the applied correction method.

Figure 4. (a) Time series for the monthly values of PM2.5, original from MERRA-2 and corrected for bias.
(b) Boxplot with the monthly variations in PM2.5, original from MERRA-2 and corrected for bias.

Seasonal analysis (Figure 4b) further confirms the validity of bias correction. While
the original dataset shows higher medians, larger interquartile ranges, and more frequent
outliers in most months, the corrected dataset shows a tighter distribution and reduced
dispersion. Despite these differences, the seasonal cycle remains consistent between the
two datasets, demonstrating that the correction preserves relative monthly variability
while improving the quantitative representation of PM2.5 concentrations. This behavior is
consistent with the validation results presented in the methodological section, confirming
that bias correction increases the reliability of the dataset for subsequent statistical analyses
without altering its fundamental seasonal and temporal characteristics.

Figure 5 shows the monthly statistics and time series for the annual averages of PM2.5

concentration (µgm−3); values are corrected for bias [9]. Consistently, the bimodal seasonal
behavior and the positive long-term trend are maintained after correction (Figure 5). In
relative terms, the bias correction dampens the long-term linear increase in annual PM2.5 by
approximately one-half and reduces the baseline level by about two-fifths, while preserving
the same overall trajectory (Figures 4b and 5).
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Figure 5. (a) Monthly boxplots of bias-corrected PM2.5 concentrations from MERRA-2 (1980–2024).
(b) Time series of annual mean bias-corrected PM2.5 (1980–2024), including the WHO annual guideline
reference line.

For PM2.5, it is possible to observe two waves of higher concentrations (Figure 5a).
These results were, at first, unexpected, since the first wave, with medians around
13 µgm−3, was obtained for March (Figure 5a), a period corresponding to the highest
rainfall intensity in the region. It is important to emphasize that, since these results are
derived from monthly aggregates, this pattern indicates that months with higher precipita-
tion may still coincide with high PM2.5 distributions in the wet season; however, we cannot
say that individual precipitation events are unable to remove particles.

Monthly boxplots further reveal that variability is not uniform throughout the year,
with certain months exhibiting larger interquartile ranges and more frequent extreme
values, reflecting changes in atmospheric processes and aerosol composition.

Although the focus of this study is the concentration of fine particulate matter, Figure 6
shows the monthly variations in the aerosol constituents obtained from MERRA-2, because
examining specific fractions helps interpret the overall variation in PM2.5. The results
show distinct monthly behavior across aerosol categories and clear differences in relative
magnitude. In particular, DU2.5 and SS2.5 exhibit concentrations that are roughly an order of
magnitude higher than BC and SO4, whereas OC shows intermediate levels and variability
(Figure 6a–e). The constituent boxplots also show month-dependent changes in central
tendency and spread, as well as occasional outliers, indicating that the PM2.5 seasonal cycle
reflects changing mixtures of aerosol components across the year.

For the second half of the year, higher PM2.5 concentrations, peaking in September
(Figure 5a), occur concurrently with months when SS2.5 remains elevated and when BC,
OC, and SO4 show increased distributions (Figure 6b–e). This co-occurrence is consistent
with a period in which marine aerosol contributions and carbonaceous/sulfate components
may jointly contribute to monthly PM2.5 variability. Although BC concentrations are
generally low, between September and December the upper tail of the distribution increases
markedly (Figure 6b), which may have implications for radiative effects and near-surface
temperature [37].

The annual time series of PM2.5 shows a positive and highly significant trend, indi-
cating that the increase in annual precipitation during the study period does not coincide
with a long-term decreasing trend in surface PM2.5. Figure 5b also shows that, even af-
ter bias correction, the annual averages remain above the national recommendations of
CONAMA [34] and WHO [38] of 5 µgm−3; over the 45 years analyzed, only three years
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showed concentrations below this recommendation. The time series of the Air Quality
Index (AQI) (Figure S2, Supplementary Material) also shows positive and highly significant
trends. Although a positive trend was found for the AQI, its values remained within the
“Good” classification of CONAMA [34] (Figure S2).

Figure 6. Monthly boxplots of MERRA-2 aerosol constituent concentrations (1980–2024): (a) fine dust
(DU2.5), (b) black carbon (BC), (c) organic carbon (OC), (d) fine sea salt (SS2.5), and (e) sulfate (SO4).

3.3. PM2.5 Concentration for Different SPI Classes

Figure 7a shows the monthly time series of the SPI, which exhibits pronounced vari-
ability over 1980–2024, alternating between negative (drier-than-normal) and positive
(wetter-than-normal) conditions. This SPI series was used to classify months into precipita-
tion categories following the SPI thresholds described in Section 2.3.3. The frequency of
occurrence for each SPI class is summarized in Figure 7b and indicates a clear predominance
of near-normal (NN) and mild drought (MiD) conditions, which together account for more
than half of the months in 1980–2024. Notably, no month was classified as extreme drought
(ExD) during the study period (Figure 7b). In contrast, the wetter tail of the distribution
is less frequent, with the severe and extreme rainfall classes (SeR and ExR) representing a
relatively small fraction of all months (approximately one-tenth, as quantified in the class
counts), consistent with rainfall extremes being episodic rather than the prevailing regime.
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Figure 7. (a) Monthly time series of the Standardized Precipitation Index (SPI) for the study period.
(b) Number of months classified into each SPI category over 1980–2024. (c) Boxplots of bias-corrected
PM2.5 concentrations by SPI class (SeD, MoD, MiD, NN, LiR, MoR, SeR, ExR).

Figure 7c presents boxplot statistics of bias-corrected PM2.5 by SPI class and shows
substantial overlap among class distributions, together with class-dependent differences in
dispersion and upper-tail behavior. In general, the wettest classes (SeR/ExR) display higher
central values and a more pronounced upper tail than most dry and near-normal classes,
including several high-end outliers. Conversely, the more frequent classes (NN and MiD)
show comparatively tight central distributions but still exhibit occasional elevated outliers,
indicating that high PM2.5 episodes are not restricted to a single SPI category. Consistent
with Figure 5, the class-specific patterns in Figure 7c reinforce that higher PM2.5 months
can co-occur with wetter SPI conditions at the monthly (regime) scale.

For subsequent analysis, SPI classes were consolidated into three broader groups:
dry (SeD + MoD + MiD), normal (NN), and wet (LiR + MoR + SeR + ExR). The resulting
distributions are summarized in Figure 8a and complemented in Table 2. Figure 8a shows
that the wet group has a slightly higher central tendency and a more elevated upper tail
than the other groups, whereas the dry and normal groups are highly similar in their central
ranges. These visual patterns are consistent with Table 2, where all statistical tests converge
on a highly significant difference between the wet class and the other classes, while no
significant difference is detected between dry and normal conditions.

https://doi.org/10.3390/atmos17040399

https://doi.org/10.3390/atmos17040399


Atmosphere 2026, 17, 399 13 of 21

Figure 8. (a) Boxplots comparing bias-corrected PM2.5 concentrations across aggregated precipitation
regimes (dry, normal, and wet) derived from SPI classes. (b) Scatterplot showing the linear relationship
between SPI and bias-corrected PM2.5, including the fitted regression line and associated statistics.

Table 2. Descriptive statistics of bias-corrected PM2.5 concentrations (µgm−3) under aggregated
precipitation regimes (dry, normal, and wet) and pairwise comparisons of group means. Mean
differences were tested using Student’s t-test, and distributional differences were evaluated using the
Mann–Whitney, Mood median, Kolmogorov–Smirnov, Anderson–Darling, and Epps–Singleton tests.
Superscripts indicate statistical significance: a, p-value > 0.05; b, p-value < 0.01.

Descriptive Differences

Dry Normal Wet Dry-Normal Dry-Wet Normal-Wet

N 218 140 180 - - -
Median 5.84 5.60 6.38 - - -
Mean 5.95 5.92 6.66 0.03 a −0.71 b −0.73 b

Figure 8b further indicates a positive but weak linear association between SPI and
bias-corrected PM2.5, characterized by substantial scatter around the regression line. The
correlation coefficient and slope reported in Figure 8b are statistically significant, supporting
an overall tendency for PM2.5 to increase with increasing SPI while emphasizing that SPI
alone explains only a limited fraction of PM2.5 variability at the monthly scale.

The correlation analysis between precipitation and PM2.5 revealed a regime-dependent
behavior, highlighting the importance of stratifying the dataset according to precipitation
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classes (Figure 9). For the entire period (Figure 9a), a weak but statistically significant
positive correlation is observed (r = 0.23, p < 0.01), indicating that higher precipitation levels
are, on average, associated with slightly higher PM2.5 concentrations on a monthly scale. A
similar pattern is found for the wet class (Figure 9c), where the correlation remains positive
and significant (r = 0.24, p < 0.01), suggesting that, under wetter conditions, precipitation
does not necessarily lead to a reduction in particulate matter concentrations.

Figure 9. Correlation matrices between PM2.5 concentration and precipitation for different precipita-
tion regimes in the Metropolitan Region of Belém. Panels represent (a) the entire period, (b) normal
conditions, (c) wet conditions, and (d) dry conditions. Each matrix shows Pearson correlation coeffi-
cients (r), with corresponding p-values indicated for off-diagonal elements. Color shading represents
the strength and direction of the correlation, ranging from −1 (negative) to +1 (positive). Diagonal
elements represent autocorrelation (r = 1).

In contrast, the normal class (Figure 9b) exhibits a relationship close to zero and not
significant (r = 0.03, p > 0.05), indicating a weak coupling between precipitation and PM2.5

under intermediate conditions. A distinct behavior emerges in the dry class (Figure 9d),
where a weak negative correlation is identified (r = −0.14, p = 0.03), suggesting that precipi-
tation events during drier periods are more effective in reducing PM2.5 concentrations. This
contrast between wet and dry classes reinforces that the precipitation–PM2.5 relationship is
not linear and depends on prevailing atmospheric conditions. Specifically, while precipita-
tion under dry conditions appears to increase particulate removal, wetter regimes may be
associated with processes that maintain or even increase PM2.5 levels on a monthly scale.
Overall, these results demonstrate that the interaction between precipitation and particu-
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late matter is strongly modulated by precipitation, emphasizing the need for precipitation
class-based analyses when interpreting relationships between aerosols and meteorology.

3.4. Trends in PM2.5 Concentration

The application of the Mann–Kendall (MK) test to the PM2.5 time series is shown in
Figure 10. For the normal (Figure 10a) and wet (Figure 10c) classes, positive and statistically
significant trends were identified for PM2.5 concentration. In contrast, for the dry class
(Figure 10b), the fitted trend is weak and the MK test indicates no statistically significant
trend. These class-stratified results are consistent with the overall increasing tendency in
PM2.5 previously observed (Figure 5b) and indicate that the long-term increase is primarily
reflected under the normal and wet regimes, whereas the dry regime does not show a
detectable trend over the study period.

Figure 10. Time series of bias-corrected PM2.5 concentrations by aggregated SPI-derived precipitation
regime: (a) normal, (b) dry, and (c) wet. Each panel shows the class-specific temporal series and the
fitted linear trend line, together with the corresponding Mann–Kendall trend statistics (S, Z, and
p-value) and regression slope with its p-value.

Although this pattern may appear counterintuitive, recent evidence from different re-
gions indicates that precipitation–particulate matter associations can be context-dependent,
with mixed or even positive relationships reported in some settings [20,22,39–41]. For exam-
ple, studies in Africa and China have highlighted that, depending on regional atmospheric
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conditions, transport, and secondary processes, wetter regimes may not systematically
coincide with lower monthly PM2.5 levels [20,40,41].

4. Discussion
Evidence from other regions indicates that the precipitation–PM2.5 relationship is not

uniformly negative. In Africa, Ouma et al. [20] reported an average reduction in particulate
matter in wet environments, yet also found weak and even positive precipitation–PM2.5

correlations in regional analyses, particularly over northern and eastern Africa, consistent
with the influence of convective regimes and atmospheric transport during wet periods [20].
Omokpariola [41] further noted that intervals between precipitation events can facilitate
PM accumulation and affect seasonal averages. In China, soil moisture and a humid
atmosphere have been identified as important modulators of secondary PM2.5 formation;
wet conditions can reduce mineral dust while simultaneously favoring secondary aerosol
production [40].

For eastern Amazonia, previous studies have reported positive precipitation trends [28,
36,42,43]. Souza et al. [28] highlighted that, in addition to increasing accumulated precipi-
tation in Belém, extremely high precipitation events have become more frequent, and their
average magnitude has increased by around 23 mm during the wet season. They associated
these changes with land-use transitions, arguing that urbanized areas favor heating and
local convection, which can intensify rainfall. Costa et al. [42] emphasized the influence of
warming South Atlantic waters on precipitation regimes in eastern Amazonia, pointing to
the role of the tropical Atlantic in modulating the position of the Intertropical Convergence
Zone (ITCZ) and amplifying conditions favorable for deep convection, in the context of
regional environmental change and global climate warming. Climate teleconnections also
strongly modulate regional convective systems [43]. Accordingly, the observed increase in
precipitation may reflect the combined effects of Atlantic Multidecadal Oscillation (AMO),
El Niño–Southern Oscillation (ENSO), and Pacific Decadal Oscillation (PDO), together
with land-use change and local/regional atmospheric warming. In particular, the positive
phase of the AMO has been described as an important factor intensifying the ITCZ and
deep convection over eastern Amazonia, generating more intense, frequent, and prolonged
rainfall [43].

These climate and circulation patterns may also help contextualize the first wave of
increased PM2.5 concentrations in the first half of the year. Rodrigues et al. [44] showed
that, in the first months of the year, air-mass trajectories reaching southern Pará are directly
influenced by transport pathways from northern Africa, implying that elevated PM2.5

during this period may largely reflect contributions commonly considered of natural origin.
Consistently, Faria et al. [45] argued that much of the particulate matter variability in eastern
Amazonia during the wet season is strongly modulated by long-distance aerosol transport
from Africa, with the ITCZ latitudinal position defining an “atmospheric corridor” that can
favor or inhibit dust plume penetration into the tropical Atlantic. When the ITCZ moves
southward (DJF–MAM), aerosols preferentially cross the ocean between 0◦ and 10◦ N,
directly connecting the eastern tropical Atlantic to northern South America [45]. Gutleben
et al. [46] further described that during Harmattan episodes (late November to mid-March)
dust plumes can follow near-horizontal trajectories over the Atlantic, facilitating arrival in
South America when the ITCZ is farther south; in such episodes, dust, often mixed with
wildfire aerosols from Central Africa, may alter aerosol optical and hygroscopic properties
and potentially increase PM2.5 levels in eastern Amazonia [46].

At the same time, precipitation events are not solely associated with atmospheric
cleansing. Studies by Li et al. [24], Almeida et al. [39], and Zhou et al. [23] showed
that precipitation can coincide with increased particulate matter concentrations under
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certain atmospheric conditions and aerosol physicochemical properties. In this framework,
increases in PM mass concentration may occur through hygroscopic growth under higher
relative humidity [39,47] and through accelerated formation of secondary aerosols during
and after precipitation events [23]. Zhou et al. [23] reported that, at intermediate-to-high
relative humidity, hygroscopic growth can dominate over wet removal, increasing PM2.5

mass; higher humidity can also favor aqueous and heterogeneous reactions producing
sulfates and nitrates, and, combined with low wind speed and light rain, can provide
conditions conducive to fine-particle growth [23].

Positive trends in PM2.5 have also been reported elsewhere, including across multi-
ple regions of Brazil, commonly discussed in relation to biomass burning in rural areas,
land-cover change, and intensification of urban activities [5,6,9,48]. In Belém, a positive
trend in PM2.5 may also relate to urbanization, with associated vegetation loss and wind
suppression [28]. These results reflect the combined influence of transport processes and
secondary aerosol formation mechanisms discussed above [24,39,49,50]. Importantly, the
regime-based separation of data does not support the statement that PM2.5 concentrations
are necessarily higher during the climatological “wet season” defined by monthly precipita-
tion averages. Rather, the analysis evaluates how precipitation-event regimes (SPI-derived
classes) relate to concentration levels and trends. Therefore, the finding that PM2.5 mass
concentrations are statistically higher in the “wet class” is not equivalent to stating that
PM2.5 is higher throughout the climatological wet season, because month-based seasonal
averaging over years may lead to a different result.

In this context, we observe positive PM2.5 trends in the wet class in the urban area of
Belém (Figure 10c). This interpretation is consistent with the correlation analysis, which
shows a weak, but statistically significant, positive relationship between precipitation and
PM2.5 in the wet class (r = 0.24, p < 0.01). Taken together, these results indicate that, on a
monthly scale, higher levels of precipitation can coexist with high PM2.5 concentrations
under wet conditions. Within this context, the observed positive association between
precipitation and PM2.5 under humid conditions aligns with findings reported in regions
of Africa, China, and other tropical urban environments [20,40,41], reinforcing that precipi-
tation alone is not a sufficient predictor of reduced particulate matter concentrations.

Trend analysis based on the Mann–Kendall test and the Sen slope estimator (Table 3)
reveals consistent, but class-dependent, increases in both precipitation and PM2.5 over
the study period. For precipitation, a strong, statistically significant increasing trend
was observed for the total period (τ = 0.82, Z = 28.38, p-value < 0.01), with a Sen slope
of 11.41 mm year−1, indicating a substantial intensification of precipitation over time.
This positive trend is also evident in the wet (τ = 0.70, p-value < 0.01) and dry (τ = 0.50,
p-value < 0.01) classes, with slopes of 16.38 and 5.53 mm year−1, respectively, highlighting
that both extremes for the precipitation classes are becoming more pronounced. In contrast,
the normal class does not show a statistically significant trend (p-value = 0.92), suggesting
relative stability under intermediate precipitation conditions.

For PM2.5, the results indicate a weaker, but still significant, increasing trend for
the total period (τ = 0.12, Z = 4.28, p-value < 0.01), with a slope of 0.021 µgm−3 year−1.
This positive trend is also observed in the normal (τ = 0.182, p-value < 0.01) and wet
(τ = 0.14, p-value < 0.01) classes, with slopes of 0.10 µgm−3 year−1, indicating that PM2.5

concentrations are increasing even under wetter conditions. However, no statistically
significant trend was detected in the dry class (p-value = 0.21), suggesting that the variability
of PM2.5 in drier regimes may be more influenced by episodic processes than by long-term
changes. Taken together, these results reinforce the idea that increased precipitation does
not necessarily lead to a reduction in PM2.5 on a monthly scale. Instead, both variables
exhibit concomitant positive trends, particularly under humid conditions, strengthening

https://doi.org/10.3390/atmos17040399

https://doi.org/10.3390/atmos17040399


Atmosphere 2026, 17, 399 18 of 21

the interpretation that the interactions between aerosols and precipitation in the region
are complex and modulated by processes specific to each precipitation class, rather than
simple mechanisms of wet removal.

Table 3. Summary of results of the Mann–Kendall trend test applied to monthly time series of
precipitation and PM2.5, stratified by precipitation classes (total period, normal, wet, and dry). The
direction and magnitude of the trend were assessed using Kendall’s Tau (τ) and Sen’s slope (expressed
in units per year), respectively. Statistical significance was assessed at the 5% level (p < 0.05), with
significant trends marked by an asterisk (*).

Variable Class N Tau Z p-Value Sen’s Slope/Year Trend

Precipitation

All Periods 538 0.82 28.38 0.00 11.41 Trend+ *
Normal 140 0.00 0.09 0.92 0.12 Trend+

Wet 180 0.70 14.08 0.00 16.38 Trend+ *
Dry 218 0.50 10.99 0.00 5.53 Trend+ *

PM2.5

All Periods 538 0.12 4.28 0.00 0.02 Trend+ *
Normal 140 0.18 3.18 0.00 0.10 Trend+ *

Wet 180 0.14 2.91 0.00 0.10 Trend+ *
Dry 218 0.05 1.21 0.21 0.02 Trend+

5. Conclusions
Our analysis indicates that the Metropolitan Region of Belém (MRB) exhibits concur-

rent long-term increases in precipitation and PM2.5 concentration over the last four decades,
with higher PM2.5 levels consistently associated with wetter precipitation regimes. These
findings challenge the conventional assumption that increased rainfall necessarily leads to
improved air quality in humid tropical environments.

The results indicate that, at the monthly (regime) scale, precipitation can coexist with or
even favor elevated PM2.5 concentrations, likely due to the combined effects of hygroscopic
particle growth, secondary aerosol formation, and long-range transport processes. A key
limitation of this study is the reliance on reanalysis-based PM2.5 data, which, despite
bias correction, may not fully capture local-scale variability. In addition, the SPI-based
classification does not resolve precipitation intensity, duration, or frequency, which may
influence aerosol–precipitation interactions.

Future research should integrate in situ aerosol measurements, chemical composition
analyses, and higher-resolution meteorological data to better constrain the mechanisms
driving PM2.5 variability in tropical urban environments. Overall, this study provides new
evidence that wet conditions in the Eastern Amazon can be associated with increased par-
ticulate matter concentrations, emphasizing the need to incorporate precipitation regimes
and atmospheric processes into air quality assessments and environmental policy.

Supplementary Materials: The following supporting information can be downloaded at https:
//www.mdpi.com/article/10.3390/atmos17040399/s1, Figure S1. Schematic representation of a
boxplot illustrating the main statistical components of the data distribution. The box represents the
interquartile range (IQR), bounded by the first (Q1) and third quartiles (Q3), while the horizontal
line inside the box indicates the median. Whiskers extend to the minimum and maximum values
within 1.5 × IQR, and values beyond this range are classified as outliers (red circles). Table S1. AQI
categories and corresponding PM2.5 breakpoints (adopted by CONAMA, 2024 [34]). Figure S2. Time
series of the AQI calculated using bias-corrected PM2.5 concentrations from MERRA-2 (1980–2024)
and CONAMA (2024) categories.
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