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A B S T R A C T

Biomass burning is the dominant source of seasonal air pollution in the Amazon, yet local-scale exposure remains 
poorly characterized due to sparse monitoring. This study aims to quantify the spatiotemporal dynamics and 
drivers of PM2.5 pollution in Santarém, Brazilian Amazon, by integrating measurements from a dense network of 
low-cost sensors, satellite-derived fire radiative power (FRP), and reanalysis meteorology throughout 2023. We 
applied Generalized Estimating Equations (GEE) to evaluate the daily influence of fire activity and meteoro
logical conditions on local PM2.5. Mean PM2.5 concentrations increased from ~5 μg/m3 in the rainy season to 
~16 μg/m3 in the dry season, with 94% of exceedances occurring from July–December and a fine-particle 
dominance (PM2.5/PM10 ≈ 0.79). Peri-urban communities experienced earlier-season pollution peaks, whereas 
the urban core showed more persistent late-season accumulation. FRP emerged as the primary driver of PM2.5, 
with effect sizes strengthening from 10% (wet season) to 25% (dry season) per standard deviation, while 
meteorological factors such as wind speed and boundary-layer height played secondary but modulating roles. A 
negligible weekend–weekday contrast confirmed that smoke overwhelmingly dominates over local traffic 
emissions. Finally, we operationalized these relationships into a low-computational-cost FRP–Meteo–PM2.5 polar 
radar tool for identifying high-risk smoke transport corridors. These results provide actionable evidence for early 
warning and highlight the urgent need for targeted fire management to reduce public health risks in developing 
Amazonian cities.

1. Introduction

Air pollution is widely recognized as one of the main causes of 
worldwide morbidity and mortality as well as increasing respiratory and 
cardiovascular diseases and premature mortality (Requia et al., 2021; Ye 
et al., 2022; de Souza Fernandes Duarte et al., 2023; de Souza Fernandes 
Duarte et al., 2024, 2025; Monteiro dos Santos et al., 2024) especially of 
low-income populations (Alahmad et al., 2023; Lelieveld et al., 2020; 
Rentschler and Leonova, 2023; Tran et al., 2023). The inhalable PM10 

(aerodynamic diameter ≤10 μm) and PM2.5 (aerodynamic diameter 
≤2.5 μm) air particles have received attention due to their ability to 
penetrate deep into the respiratory system, causing serious harm to 
human health (Pozzer et al., 2023; Huang et al., 2025). It is estimated 
that 94% of the global population is exposed to unsafe levels of PM2.5 
concentrations (Rentschler and Leonova, 2023).

Among the health impacts, both short- and long-term exposures to 
PM10 and PM2.5, the most notable are the worsening of respiratory 
diseases, such as asthma and chronic obstructive pulmonary disease 
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(COPD), and the increased susceptibility to respiratory infections in 
vulnerable patients (Hoffmann et al., 2022; Maung et al., 2022; Song 
et al., 2023). Furthermore, the International Agency for Research on 
Cancer (IARC) has classified PM2.5 and PM10 particles as carcinogenic to 
humans due to their association with an increased risk of lung cancer 
(Tsai et al., 2022). Because of the increasing evidence of air pollution 
impacts on human health, the World Health Organization (WHO) 
updated its global air quality guidelines in 2021, substantially reducing 
the recommended limits. The annual mean exposure limit for PM2.5 was 
lowered from 10 μg/m3 to 5 μg/m3, and for PM10 from 20 μg/m3 to 15 
μg/m3. The corresponding 24-h mean limits are now 15 μg/m3 for PM2.5 
and 45 μg/m3 for PM10 (World Health Organization, 2021).

A primary source of these particulates on a continental scale in South 
America is biomass burning (Artaxo et al., 2005; Freitas et al., 2005; 
Koengkan et al., 2021; Valente and Laurini, 2023; Libonati et al., 2021). 
Each year, the convergence of dry weather, available biomass, and 
ignition sources in ecosystems like the Cerrado and Amazon lead to 
hundreds to thousands of wildfires, which in turn release vast amounts 
of carbonaceous aerosols and trace gases during the dry season (Moritz 
et al., 2005; Hoelzemann et al., 2009; Libonati et al., 2021). While urban 
industrial emissions dominate near large cities, biomass burning from 
deforestation and wildfires constitutes a major regional source. These 
emissions are not confined locally since under favorable meteorological 
conditions, smoke plumes can be injected high into the atmosphere, 
allowing their impact to extend far beyond the fire sources (Artaxo et al., 
2005; Freitas et al., 2005; Monteiro dos Santos et al., 2024; de Souza 
Fernandes Duarte et al., 2021).

Consequently, South America biomass burning is a major source of 
atmospheric pollutants, with emissions that possess a significant trans
boundary dimension. These wildfires release substantial quantities of 
primary pollutants, including particulate matter (PM2.5, PM10), black 
carbon, carbon monoxide (CO), methane (CH4), and nitrogen oxides 
(NOx) (Urbanski et al., 2008). Furthermore, these emissions contribute 
to the formation of secondary pollutants such as ozone (O3) and poly
cyclic aromatic hydrocarbons through atmospheric reactions (Jaffe and 
Wigder, 2012; Singh and Tripathi, 2021; Koengkan et al., 2021). Recent 
analyses also show significant warming trends and an intensification of 
temperature extremes across Brazil (de Souza et al., 2025), conditions 
that can exacerbate drought severity, promote fire ignition, and enhance 
smoke accumulation.

In the Amazon region, wildfires are predominantly anthropogenic, 
driven by agribusiness expansion and land-use change (Libonati et al., 
2021; Valente and Laurini, 2023), an important gap persists regarding 
local-scale exposure within Amazonian urban centers. The region's 
naturally high humidity typically inhibits ignition, making natural fires 
rare (Libonati et al., 2021; INPE, 2021). However, the annual dry season 
(June to December) creates conditions conducive to fire, a situation 
exacerbated by drought-intensifying climate patterns like El Niño 
(Johnston et al., 2012; Souza et al., 2020). The impacts of these fires 
cascade across scales. Globally and regionally, biomass burning in the 
Amazon is the main source of PM2.5—a complex mixture of organic and 
inorganic compounds—and other aerosols that are transported thou
sands of kilometers by atmospheric currents, influencing climate and air 
quality far beyond their sources (Freitas et al., 2005; Reddington et al., 
2015). Consequently, extensive research has focused on this long-range 
transport and its impact on major urban centers in southeastern Brazil, 
such as São Paulo and Rio de Janeiro (Freitas et al., 2005; de Fatima 
Andrade et al., 2015; de Almeida Albuquerque et al., 2018; de Souza 
Fernandes Duarte et al., 2021; Martins et al., 2018; Deroubaix et al., 
2024; Santos et al., 2024; Pereira et al., 2021; Squizzato et al., 2021).

While air pollution in Brazil's major urban centers is dominated by 
traffic and industrial sources (Sant’Anna et al., 2020; Pereira and 
Limongi, 2015), the Amazon faces a distinct crisis where the seasonal 
fire regime superimposes a decisive pollution load. However, a critical 
gap persists in quantifying local-scale impacts; the transboundary foot
print of fires is well-documented, but far fewer studies examine the 

immediate consequences for cities within the basin, largely due to sparse 
ground monitoring (Vormittag et al., 2021). In Santarém, for example, 
residents face a dual exposure: (i) regional advection of biomass-burning 
PM2․5, which recurrently drives concentrations to levels exceeding WHO 
guidelines by a factor of five during the dry season (Sant’Anna et al., 
2021), and (ii) locally generated pollution from civil construction, 
traffic, agriculture, and land-clearing burns (Cardoso et al., 2020). These 
local sources are intertwined with traditional and agro-industrial ac
tivities, producing a layered, under-characterized air-quality burden. 
The stakes of this exposure are high, as toxicological and epidemiolog
ical evidence links smoke-borne particulates to DNA damage, lung cell 
death (Alves et al., 2017), and adverse birth outcomes (Silva et al., 
2014), placing communities at the core of the burning biome at signif
icant risk.

At the population scale, wildfire smoke was estimated to contribute 
to ~5000 premature deaths in Brazil in 2019 (Nawaz and Henze, 2020). 
These impacts are amplified when heat extremes and drought co-occur 
with fires, conditions that both intensify burning and heighten health 
vulnerability (Sutanto et al., 2020; Vitolo et al., 2019). Temperature 
extremes—now increasing in frequency across Brazil (de Souza et al., 
2025)—represent an additional compounding stressor that heightens 
vulnerability to smoke exposure. Regional analyses further show that 
drought-enhanced fire seasons correspond to spikes in respiratory hos
pitalizations in Amazon region (Machado-Silva et al., 2020), and recent 
modeling for the Amazon basin indicates large and predictable health 
burdens attributable to wildfire smoke (de Souza Tadano et al., 2024). 
Together, this evidence argues for expanding high-resolution moni
toring and source-aware analyses in smaller Amazonian cities, where 
communities face a dual burden from transported smoke plumes and 
local emissions such as traffic, construction dust, refuse/land-clearing 
burns and industries (Cardoso et al., 2020). Importantly, coordinated 
actions to curb deforestation-related fires and urban emissions could 
reduce PM concentrations by up to ~30% in the dry season (Reddington 
et al., 2015), yielding immediate public-health benefits.

Conventional air-quality monitoring relies on reference-grade sta
tionary analyzers, which are accurate but expensive for dense spatial 
deployment, particularly in remote regions like the Brazilian Amazon 
(Kumar et al., 2014). To address this, low-cost sensor (LCS) networks 
have emerged as a viable complementary tool. When deployed following 
established best practices—including initial co-location for calibration, 
rigorous quality control, and corrections for humidity interfer
ence—these networks provide dense, near-real-time data important for 
understanding pollution dynamics in developing urban areas (de Souza 
et al., 2017; Morawska et al., 2018; Penza, 2020). Recent studies 
demonstrate the potential of LCS devices for urban monitoring and 
calibration improvement (Blaga and Gautam, 2024). Appropriately 
calibrated, LCS networks can resolve fine spatial and temporal gradients 
in particulate matter filling critical gaps in exposure assessment for 
smaller Amazonian cities (Silva et al., 2021).

Interpreting LCS data, however, requires concurrent meteorological 
information, as weather strongly modulates particulate concentrations. 
Key controlling factors include wind speed and direction, governing 
pollutant advection and source alignment; planetary boundary-layer 
height, controlling vertical dilution; and precipitation, which removes 
particles via wet scavenging (Liu et al., 2024; Zender-Swiercz et al., 
2024). The Amazonian context presents specific challenges: persistently 
high relative humidity promotes hygroscopic growth of fine particles, 
artificially increasing measured PM2.5 mass (Martin et al., 2010; Pöhlker 
et al., 2016), while rain events can lead to rapid clearing (Andreae et al., 
2015; Wang et al., 2016). Conversely, warm, dry spells during the 
burning season favor the accumulation of smoke (Artaxo et al., 2013; 
Reddington et al., 2015). Temperature further influences aerosol 
composition through processes like gas-particle partitioning of 
semi-volatile organics (Robinson et al., 2007). Critically, periods of at
mospheric stagnation—characterized by low winds and a shallow 
boundary layer—consistently correlate with elevated particulate 
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concentrations and documented respiratory health risks in the region 
(Ignotti et al., 2010; Oliveira et al., 2012).

In this context, this work provides a city-scale, physics-aware 
assessment of biomass burning impacts on air quality in Santarém, a 
medium-sized city in the Brazilian Amazon, over the 2023 calendar 
year. We employed an integrated data-modeling approach, fusing ob
servations from a dense network of low-cost sensors measuring air 
pollutants concentrations and meteorological variables across urban and 
peri-urban zones with daily satellite-derived fire hotspot and European 
Center for Medium-Range Weather Forecasts (ECMWF) ERA5 reanalysis 
data. After quality control, including winsorization and standardization, 
it was constructed as a daily site-level panel dataset. After this, the 
dataset was modeled using Generalized Estimating Equations (GEE) 
with a Gamma log-link model, which effectively accounts for the right- 
skewed distribution of PM2.5 and the temporal correlation of repeated 
measurements. A key innovation is the use of distance-explicit fire 
radiative power (FRP) metrics that capture spatial and temporal decay 
of fire influence.

The contribution of this work is twofold: first, it delivers novel, 
quantitative, and seasonally resolved estimates of how fire activity and 
meteorology drive local air pollutant concentrations in an under- 
monitored yet highly exposed Amazonian urban context, directly 
addressing a key knowledge gap. Second, it operationalizes these sta
tistical relationships into a practical, low-computational-cost early- 
warning system. This tool synthesizes community sensor data, near-real- 
time fire activity, and ERA5 meteorological fields to visually identify 
upwind fire corridors and assess short-term transport risk. The entire 
methodology is designed to be replicable in other developing Amazo
nian cities and communities where conventional air quality monitoring 
and forecasting infrastructure is scarce.

2. Methods

2.1. Study area

Santarém municipality (Fig. 1) is located at 2◦24′52″ S and 54◦42′36″ 
W, in the state of Pará, right in the central portion of the Brazilian 
Amazon rainforest. It covers a territorial area of 17,898.39 km2 and has 
an estimated population of 360,871 inhabitants (IBGE, 2022). The 
Santarém microregion comprises eight municipalities—Alenquer, Bel
terra, Curuá, Mojuí dos Campos, Monte Alegre, Placas, and Prainha—
with Santarém serving as the principal economic and political hub 
(SEDOP, 2017). Situated at the confluence of the Tapajós and Amazon 
rivers, Santarém is the third most populous city in Pará and the main 

urban center in the western Amazon, particularly in terms of commerce 
and services. It plays a central role in the so-called Lower Tapajós River 
Basin, which spans the states of Amazonas (3%), Pará (38%), and Mato 
Grosso (59%) and encompasses a drainage area of approximately 500, 
000 km2 (IBGE, 2022).

The climate of Santarém, according to the Köppen–Geiger classifi
cation updated by Peel et al. (2007), corresponds to a typical tropical 
monsoon regime (Am). The rainy season extends from January to June, 
with mean monthly precipitation reaching ~400 mm. In contrast, the 
dry season occurs from August to November, when rainfall does not 
usually exceed 100 mm per month. July and December are considered 
transitional months between these two seasonal extremes. The mean 
annual temperature in the region is approximately 26 ◦C, with an 
average relative humidity of about 80% and a total annual precipitation 
of around 2000 mm (INMET, 2022).

The study sites are distributed across urban and peri-urban areas, 
comprising a total of 19 monitoring stations from the research project 
“Pilot Network for Innovation in Air Quality Monitoring in the Western 
Region of Pará: Guardians of the Air”. In the urban area of Santarém, 
twelve (12) stations (red dots) are distributed across eight (08) major 
residential neighborhoods, while four (04) additional stations are 
located in the communities of Caranazal and Maracanã. In this sector, 
approximately 40% of the public space remains covered by native 
vegetation, whereas only about 8% of the territory is urbanized (Fig. 1). 
The remaining seven (07) stations (blue dots) are situated in four (04) 
peri-urban communities (Ramal dos Coelhos, Alter do Chão, and 
Cucurunã), located between 3 km and 30 km from the urban center of 
Santarém (Table 1). This peri-urban zone represents the “green belt” of 
the metropolitan region, a transitional landscape where urban and rural 
environments converge, composed of forests, wetlands, secondary 
vegetation, and patches of the so-called Amazonian rainforest. Among 
these, Alter do Chão stands out due to its historical, economic, social, 
cultural, and environmental significance, being recognized as the most 
important peri-urban tourist district of Santarém, with a population of 
approximately 5000 inhabitants (IBGE, 2022; SEBRAE, 2003).

2.2. In-situ data collection and processing

Air temperature (◦C), relative humidity (%), PM2.5 (μg/m3), and 
PM10 (μg/m3) were monitored daily throughout 2023 at 19 sites (Fig. 1). 
For particulate matter, we employed the low-cost optical sensor SDS011, 
which has been largely used and validated in air quality monitoring 
studies (Genikomsakis et al., 2018; Wardoyo et al., 2020; Božilov et al., 
2022; Sakila et al., 2023; Alonso-Pérez and López-Solano, 2023; 

Fig. 1. Brazil's Legal Amazon region showing forest (green), rivers and lakes are drawn in blue; state boundaries in black. Santarém municipality (PA) is outlined in 
red and labeled. In the left is the regional view of Brazil's Legal Amazon region; in the right is Santarém municipality with location of air-quality monitoring stations, 
with Urban sites in red and Peri-urban sites in blue.
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Almeida et al., 2023, 2025; Martins et al., 2024). The SDS011 is 
designed for both indoor and outdoor measurements of PM2.5 and PM10. 
Its operation is based on light scattering: a laser beam irradiates the 
sampled air, dust particles scatter the light, and a photodiode detects the 
scattered intensity. The microcontroller then converts the signal into 
PM2.5 and PM10 concentrations. According to the manufacturer, the 
sensor resolution is 0.3 μm, with an accuracy of ±15% (minimum ±10 
μg/m3), and a measurement range from 0 to 1000 μg/m3.

Temperature and relative humidity were measured using a DHT22 
(AM2302) sensor, which has been extensively validated in environ
mental monitoring applications (Lita et al., 2016; Priya et al., 2017). The 
DHT22 has an operating range of − 40 to 80 ◦C (±0.5 ◦C accuracy) and 
0–100% RH (±2% accuracy). All sensors were integrated into a 
microcontroller-based acquisition platform (Arduino Uno), enabling 
automated data collection, processing, and storage. The use of Arduino 
coupled with low-cost sensors for meteorological and atmospheric 
monitoring has been successfully demonstrated in previous studies (Al 
Ahasan et al., 2018; Andrade et al., 2024; Kelechi et al., 2022; Listyarini 
et al., 2021; Mullick et al., 2024).

Measurements of PM10, PM2.5, relative humidity (%), and air tem
perature (◦C) were collected every 5 min, operating near-continuously 
from 1 January to December 31, 2023. Data quality control included 
removal of spurious values (e.g., PM2.5 = 999.9 μg/m3), checks for 
timestamp integrity (duplicates, gaps, and clock shifts), and application 
of calibration corrections. We also performed cross-site screening by 
comparing simultaneous measurements among nearby sensors to iden
tify outliers or drift. After QC, data was aggregated to hourly, daily, and 
monthly means. For validation of climatological behavior, we verified 
that average PM concentrations followed the expected seasonal pat
tern—lower during the rainy season (January–June) and higher during 
the dry season (July–December). Subsequent analyses classified records 
by study location (urban vs. peri-urban) and by season.

2.3. Satellite-derived fire data

Daily fire activity data over the study area were obtained from 
NASA/NOAA's Fire Information for Resource Management System (FIRMS: 
https://firms.modaps.eosdis.nasa.gov/), which provides global active 
fire data derived from the Moderate Resolution Imaging Spectroradi
ometer (MODIS) sensors onboard the Terra and Aqua satellites, as well 
as from the Visible Infrared Imaging Radiometer Suite (VIIRS) in
struments aboard the Suomi-NPP, NOAA-20, and NOAA-21 platforms 
(Justice et al., 2002; Giglio et al., 2003; Giglio et al., 2016; NASA, 2023). 
The MODIS Collection 6.1 Fire and Thermal Anomalies product 
(MCD14DL) detects active fires and thermal anomalies at a spatial res
olution of approximately 1 km and a temporal resolution of one day. Fire 
detections are represented as point locations corresponding to the center 
of the 1 km pixel where the thermal anomaly is identified by the 
contextual fire detection algorithm (Giglio et al., 2003). These data were 
downloaded directly from FIRMS (NASA, 2023). After download, the 
fire data was pre-processed to the Amazon region (5◦N–14◦S, 

74◦W–42◦W). The procedure ensures that only fire detections within the 
geographic boundaries of the Amazon basin relevant to this study were 
retained, while maintaining the original FIRMS data structure for con
sistency and reproducibility.

2.4. ERA5 reanalysis data

Meteorological data were obtained from the ERA5 reanalysis, pro
duced by the European Centre for Medium-Range Weather Forecasts 
(ECMWF) through the Copernicus Climate Data Store (CDS) (Hersbach 
et al., 2020). ERA5 provides global atmospheric reanalysis fields at a 
horizontal resolution of 0.25◦ × 0.25◦ (~25 km at the equator) and 
hourly temporal resolution. The dataset used was ERA5 single levels 
reanalysis at hourly temporal resolution for the year 2023, covering the 
Amazon region (5◦N, 74◦W, 14◦S, 42◦W). The variables retrieved 
included 10 m zonal and meridional wind components (u10, v10), 2 m 
temperature (t2m), 2 m dewpoint temperature (d2m), total precipitation 
(tp), and boundary layer height (blh).

For each monitoring station in the Santarém network, the nearest 
ERA5 grid point was extracted. From the primary variables, additional 
diagnostics were derived, including 10 m wind speed and wind direc
tion, 2 m air temperature in ◦C, 2 m relative humidity calculated using 
the Magnus formula, and total precipitation converted to millimeters. 
Hourly series were aggregated into daily datasets: mean values were 
computed for wind speed, air temperature, relative humidity, and 
boundary layer height, while precipitation was accumulated as daily 
totals. Wind direction was averaged using a circular mean to account for 
its directional nature. The final outputs consisted of station-based hourly 
and daily meteorological time series for subsequent analysis.

2.5. Statistical modeling of air pollution-fire-meteorological variables

To understand how weather patterns influence pollutant concen
trations, we modeled the joint relationship among daily PM2.5, fire ac
tivity and meteorological conditions using a longitudinal framework 
that accounts for dependence across repeated observations within sites. 
When data are collected repeatedly over time and/or across clustered 
locations, correlation among observations can bias standard errors if 
ignored. We therefore used Generalized Estimating Equations (GEE) a 
semi-parametric approach that provides consistent regression estimates 
and heteroscedasticity-consistent (HC) standard errors under mild as
sumptions (Liang and Zeger, 1986; Zeger and Liang, 1986; Hardin and 
Hilbe, 2013). GEE estimates are asymptotically normal, enabling hy
pothesis tests for main effects and interactions (Ananth and Preisser, 
1999).

We constructed a site–day panel for 2023 by merging, for each 
monitoring site (“local”) and calendar date, daily PM2.5 (outcome), 2-m 
air temperature (◦C), and relative humidity (%) from the Cuidadores do 
Ar network with fire radiative power (FRP) metrics derived from 
FIRMS/MODIS and, when available, daily ERA5 covariates (10-m wind 
speed, boundary-layer height, precipitation and its 1-day lag). ERA5 

Table 1 
Study sites for air quality of the research project “Pilot Network for Innovation in Air Quality Monitoring in the Western Region of Pará: Guardians of the Air”.

ID Stations in the Urban Area (Residential neighborhoods of Santarém municipality) ID Stations in the Peri-urban Area (Communities of the SMR)

U-01 Caranazal PU-01 Ramal dos Coelhos
U-02 Jardim Santarém PU-02 São Pedro
U-03 Alvorada PU-03 Alter do Chão 1
U-08 Maracanã PU-04 Alter do Chão 2
U-04 São Cristovão PU-05 Cucurunã
U-05 Caranazal 1 PU-06 Alter do Chão 3
U-06 Amparo PU-07 Alter do Chão 4
U-07 Santíssimo ​ ​
U-12 Maracanã 1 ​ ​
U-09 Santarenzinho ​ ​
U-10 Aldeia ​ ​
U-11 Diamantino ​ ​
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temperature and humidity were intentionally excluded to avoid dupli
cating the network's measurements. FRP exposure around each site was 
quantified in three complementary ways: (i) distance-limited sums 
within circular buffers of 25, 50, 75, and 100 km, (ii) a proximity- 
weighted composite that emphasizes nearby sources 

FRPcombo
it =1.00×FRP25

it + 0.5 × FRP50
it + 0.25×FRP100

it (1) 

and (iii) an exponential distance-decay index 

FRP(δ)
it =

∑

j
FRPij exp

(
− dij

/
δ
)

(2) 

with decay scales δ ∈ {30,50,70} km that reflect physically plausible 
attenuation of influence with distance. To capture short-term carryover, 
1- and 2-day lags of the composite and decay-based FRP indices were 
generated. Records without detected fires were set to zero for FRP fea
tures, while occasional gaps in optional meteorological covariates were 
imputed using site-specific medians. Prior to modeling, all continuous 
predictors were made robust to extremes via winsorization at the 1st and 
99th percentiles and then standardized to z-scores to facilitate coeffi
cient comparability.

Temperature effects were modeled nonlinearly—using a natural 
cubic spline (user-specified degrees of freedom)—because temperature 
can influence PM2.5 through multiple thresholded processes (boundary- 
layer mixing, secondary aerosol formation, and fire behavior), and 
exploratory diagnostics suggested departures from linearity. In contrast, 
relative humidity was entered linearly since, over the observed range, its 
association with PM2.5 was approximately monotonic and strongly 
correlated with precipitation and boundary-layer height; a linear term 
preserves parsimony and limits collinearity. To evaluate moisture- 
dependent fire impacts, we additionally included an interaction be
tween standardized FRP and standardized relative humidity, allowing 
the FRP effect on PM2.5 to vary across humidity conditions. This pro
cessing produced a harmonized, analysis-ready dataset in which expo
sure, meteorology, and outcome are temporally aligned at the daily scale 
and comparable across sites.

Because daily PM2.5 is strictly positive and right-skewed, we 
modeled its conditional mean with a generalized linear model using a 
Gamma family with a log link, embedded in a longitudinal GEE frame
work to account for correlation within sites over time. Let Yit denote 
daily PM2.5 for site i on day t and 

μit = E[Yit ∨ xit] (3) 

The mean model is: 

log{μit}= β0 + βFRPZFRP
it + β⊤

T BT(Tit)+ βRHZ(RHit)+ βit
[
ZFRP

it .Z(RHit)
]

+ β⊤
metZ

met
it (4) 

where ZFRP
it contains the standardized FRP metrics selected for a given 

specification (e.g., buffer sums, exponential distance-decay indices, and 
short lags), BT(Tit) represents temperature either via a natural cubic 
spline basis (user-defined degrees of freedom) or an orthogonalized 
quadratic form, Z(RHit) is standardized relative humidity, and Zmet

it in
cludes optional standardized meteorological controls. All continuous 
covariates are winsorized (1st–99th percentiles) and then z-scored, so 
each coefficient corresponds to a one–standard deviation change in the 
predictor. The Gamma variance is 

Var(Yit ∨ xit)=ϕμ2
it (5) 

with dispersion ϕ > 0, consistent with heteroscedasticity increasing with 
the mean for PM2.5.

Estimation proceeds via Generalized Estimating Equations (Liang 
and Zeger, 1986), which solve: 

∑m

i=1
DT

i V− 1
i (yi − μi)=0 (6) 

Vi =A1/2
i R(α)A1/2

i (7) 

Here, sites i define clusters and days t provide the within-cluster 
ordering; Di = ∂μi/∂β⊤ ; Ai is diagonal with entries ϕμ2

it; and R(α) is a 
working correlation.To reflect plausible temporal dependence, we 

compare AR(1) correlation t − s∨
[R]ts = ρ with an exchangeable structure 

[R]ts = ρ for t ∕= s; if the primary fit fails to converge, the model auto
matically falls back to the exchangeable form. Inference uses the robust 
(sandwich) covariance, yielding asymptotically normal estimates and 
valid standard errors under mild misspecification of R (.) (Liang and 
Zeger, 1986; Hardin and Hilbe, 2013).

Because the link is logarithmic, coefficients admit a multiplicative 
interpretation: for a standardized predictor xk , exp(βk) is the effect 
multiplier on the mean PM2.5 for a one-SD increase in xk; equivalently, 
the percent change is (exp{βk} − 1)× 100. Confidence intervals for 
multiplicative effects are obtained by exponentiating the coefficient 
intervals. To examine hydrometeorological regime dependence, the 
model is fit separately for the wet (Jan–Jun) and dry (Jul–Dec) seasons; 
we then contrast seasonal sensitivities on the log-effect scale. Collin
earity is assessed via the predictor correlation matrix and variance 
inflation factors (VIF) computed on the final design matrix. Among 
competing FRP specifications (buffer radii, decay scales, lag structures) 
and correlation structures, model adequacy and parsimony are 
compared using QIC (Quasi-likelihood under the Independence model 
Criterion; Pan, 2001) when available, with full coefficient tables, robust 
standard errors, z-statistics, p-values, and 95% confidence intervals re
ported for transparency.

This study's contribution is a physics-aware, longitudinal framework 
that links near-surface PM2.5 to satellite-derived fire activity and local 
meteorology. Instead of treating fire simply as counts in an arbitrary 
window, we construct distance-explicit FRP exposures—multi-radius 
buffer sums and exponential distance-decay indices with short lags—
that approximate how influence should diminish with source–receptor 
separation and time. Effects are estimated with a Gamma–log GEE 
aligned with the positive, right-skewed distribution of daily PM2.5 and 
accounting for serial correlation and site clustering, yielding multipli
cative effect estimates (percent changes per one-SD increase). The model 
captures nonlinear temperature responses (splines), humidity- 
modulated fire impacts (FRP × RH interaction), and seasonal stratifi
cation (wet vs. dry), revealing regime-dependent sensitivities charac
teristic of the Amazon. Preprocessing (winsorization, standardization), 
explicit collinearity diagnostics (correlation matrices, VIF), and QIC- 
based specification comparison enhance stability, transparency, and 
reproducibility.

The final objective of this work is to provide a low-cost, near-real- 
time early-warning system that fuses community PM2.5 observations 
(Project: Guardians of the Air), 1-km MODIS active-fire detections 
(FIRMS/MCD14DL), and ERA5 10-m wind speed/direction to generate 
daily FRP–Wind–PM2.5 polar radar maps for Santarém and surround
ings. This tool is designed to run with modest computational resources 
and without the need for complex chemical-transport models, providing 
actionable situational awareness for communities in the central Amazon 
with limited infrastructure. Fig. 2 provides a working diagram of the 
entire low-cost air quality monitoring and modeling framework devel
oped for Santarém, Brazilian Amazon, summarizing the data sources, 
preprocessing steps, construction of the site–day panel, statistical 
modeling workflow, and the final early-warning application.
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3. Results

3.1. Evaluation of environmental data

Fig. 3(a and b) summarizes daily particulate dynamics across 
Santarém city in 2023. Average PM2․5 and PM10 remain low with few 
peaks and stable during the rainy season (Dec–May), then rise sharply 
from June through November with frequent exceedances of the WHO 
24-h guidelines (15 μg/m3 for PM2․5; 45 μg/m3 for PM10). Variability 
widens markedly in the dry/fire season, indicating strong spatial het
erogeneity as smoke plumes episodically impact different parts of the 
city. Peri-urban stations exhibit earlier and larger spikes than urban 
stations. The fine-to-coarse composition (Fig. 3(c and d)) co-evolves 
with seasonality: the PM2․5/PM10 ratio, a proxy for particle size 

composition, hovers at lower values in the wet months—indicating a 
larger coarse-mode contribution—and then increase toward 0.7–0.9 in 
Sep–Nov, signaling fine-particle dominance typical of biomass-burning 
smoke. Lower ratios in the rainy season suggest stronger coarse-mode 
contributions. Together, Fig. 3(a–d) shows a strong seasonal control 
on air quality, with the dry-season fire regime driving both higher 
concentrations and finer particle composition and revealing marked 
spatial heterogeneity between urban and peri-urban environments.

Fig. 4(a and b) show daily Standardized daily anomalies (z-scores) 
within each group for temperature (red), relative humidity (blue), PM2․5 
(red dashed), and PM10 (black) for Urban and Peri-urban stations. Pos
itive (negative) values indicate above- (below-) average conditions for 
that group. During the rainy season (Jan–Jun), temperature anomalies 
stay mostly negative to near-zero while humidity is modestly positive, 

Fig. 2. Working diagram of the low-cost air quality monitoring and modeling framework for Santarém, Brazilian Amazon.
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and particulate anomalies hover near zero—consistent with efficient wet 
scavenging and deeper boundary layers that keep concentrations low. 
From July onward (dry/fire season) the state change: temperature 
anomalies become persistently positive and humidity negative, and both 
PM2․5 and PM10 anomalies increase, with sharp smoke episodes in 
September–November. The co-evolution of higher temperature, low 
relative humidity and high particulate matter concentration is the ca
nonical meteorological signature of smoke-impacted days in tropical dry 
seasons.

Urban versus peri-urban behaviour differs in timing and magnitude. 
Peri-urban sites show an earlier onset of positive PM anomalies (late 
August/early September) and stronger excursions (PM2․5 up to ~+5–6 
σ, PM10 up to ~+4–5 σ), together with deeper negative RH anomalies 
(≈− 3 σ to − 4 σ). Urban sites peak later (October–November) and with 
higher amplitude, suggesting closer distance from fire smoke corridors. 
Across both groups, PM2․5 tracks PM10 but with larger standardized 
deviations, indicating a fine-particle–dominated aerosol during smoke 
events. Across both groups, PM2.5 generally departs more strongly than 

PM10, indicating a fine-particle-dominated aerosol during smoke events. 
The synchronized pattern—higher temperature, lower humidity, higher 
PM—is the canonical meteorological signature of smoke-impacted days 
in the central Amazon dry season.

Table 2 shows the average daily mean concentrations of PM2.5 and 
PM10 (μg/m3) and 2-m air temperature (◦C) and relative humidity (%) 
for urban (n = 12) and peri-urban (n = 7) sub-networks in Santarém 
during 2023. Across the year, daily PM2.5 ranged from 1.55 μg/m3 

(rainy season, peri-urban) to 107.72 μg/m3 (dry season, peri-urban), 
while PM10 ranged from 4.05 to 124.52 μg/m3 over the same periods. 
Seasonal contrasts dominate the signal: in the peri-urban area, mean 
(±SD) PM2.5 increased from 5.05 ± 5.06 μg/m3 (Jan–Jun) to 16.23 ±
15.22 μg/m3 (Jul–Dec), and PM10 from 10.55 ± 6.59 to 23.37 ± 17.24 
μg/m3. The urban area shows a similar pattern, with PM2.5 rising from 
4.42 ± 1.63 to 16.27 ± 15.37 μg/m3 and PM10 from 9.23 ± 2.77 to 
22.78 ± 16.39 μg/m3 between the rainy and dry seasons, respectively. 
Inter-area differences are modest relative to the seasonal gradient—their 
means and dispersions largely overlap—although peri-urban maxima 

Fig. 3. Daily particulate-matter dynamics in Santarém for the year of 2023 from the low-cost sensor network: (a–b) Area-averaged PM2․5 (red) and PM10 (black) with 
standard deviation envelopes across stations in each group (Urban, Peri-urban). Horizontal dashed lines show the WHO 24-h guideline values (PM2․5 = 15 μg/m3; 
PM10 = 45 μg/m3); (c–d) Daily PM2․5/PM10 ratio for Urban and Peri-urban groups. The blue dashed line marks the rainy season (Jan–Jun) and the orange dashed line 
marks the dry/fire season (Jul–Dec).
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are higher, consistent with greater exposure to upwind fire corridors. As 
expected, dry-season temperatures are higher and relative humidity 
lower than in the rainy season in both settings (see Table 2). Notably, the 
urban dry-season mean PM2.5 (16.27 μg/m3) slightly exceeds the WHO 
24-h guideline of 15 μg/m3, similar to the peri-urban average (16.23 μg/ 
m3) which also exceeds this limit; seasonal PM10 means remain well 
below the 45 μg/m3 guideline.

Table S1 shows that guideline exceedances are overwhelmingly a 
dry-season phenomenon. For PM2.5 (WHO 24-h guideline = 15 μg/m3), 
there were 977 exceedances in the dry season versus 60 in the rainy 
season—94% of all 2023 exceedances (977/1037) occurred from 
July–December. For PM10 (WHO 24-h guideline = μg/m3), 394 
exceedances occurred in the dry season compared with 17 in the rainy 
season—96% of all exceedances (394/411). Thus, exceedances are ~16 

× (PM2.5) and ~23 × (PM10) more frequent in the dry period, under
scoring the seasonal escalation of health risk.

Table S2 reports monthly means of the PM2.5/PM10 ratio by season. 
During the rainy season (Jan–Jun) the ratio is nearly steady at 
0.45–0.48, indicating a larger coarse-mode contribution consistent with 
wet scavenging and fewer smoke intrusions. With the onset of the dry 
season (Jul–Dec) the ratio increases from 0.53 (Jul) to a peak of ~0.79 
(Nov), then relaxes to 0.58 (Dec)—a clear shift toward fine-particle 
dominance typical of biomass-burning episodes. The pattern shows 
that the transition to a fine-dominated aerosol is widespread across the 
network rather than driven by a few sites. These results reinforce that 
the most hazardous fraction (PM2.5) becomes proportionally larger 
during the fire season, aligning with the exceedance counts.

Table S3 presents the daily mean concentrations of PM2.5 and PM10 

Fig. 4. Standardized daily anomalies (z) of meteorology and PM for the year of 2023: (a) Urban and (b) Peri-urban stations. Lines: air temperature, solid red; relative 
humidity, solid blue; PM2․5, red dashed; PM10, black dashed. The horizontal zero line marks the climatological mean. Background shading highlights the rainy season 
(Jan–Jun; light blue) and dry season (Jul–Dec; light tan).

Table 2 
General characteristics of air quality in the study area during 2023.

Atmospheric 
parameters

PM2.5 (μg/m3) PM10 (μg/m3) Temperature (◦C) Relative humidity (%)

Seasonal 
Period

Rainy season Dry season Rainy season Dry season Rainy season Dry season Rainy season Dry season

Study zone Peri- 
urban

Urban Peri- 
urban

Urban Peri- 
urban

Urban Peri- 
urban

Urban Peri- 
urban

Urban Peri- 
urban

Urban Peri- 
urban

Urban Peri- 
urban

Urban

Average value 5.05 4.42 16.23 16.27 10.55 9.23 23.37 22.78 30.21 30.9 32.71 33.51 78.43 75.15 71.67 67.26
Standard 

deviation
5.06 1.63 15.22 15.37 6.59 2.77 17.24 16.39 1.27 0.96 1.15 1.01 3.10 4.07 6.09 4.44

Minimum 
value

1.55 1.63 2.58 3.10 4.05 4.52 6.01 7.09 27.32 28.24 29.39 29.94 71.60 65.49 55.32 56.8

25% of the 
values

2.98 3.30 8.73 8.68 7.45 7.25 14.78 14.76 29.31 30.43 32.12 33.03 76.26 71.96 67.45 64.37

Median 3.95 4.06 11.49 10.62 9.06 8.68 18.42 17.13 30.04 31.01 32.87 33.67 78.40 75.58 72.78 67.29
75% of the 

values
5.40 5.53 15.34 15.05 11.05 11.33 22.71 21.48 31.17 31.56 33.53 34.26 80.51 78.19 75.84 70.54

Maximum 
value

54.77 10.65 107.72 86.76 65.29 20.66 124.52 97.10 33.24 32.71 34.94 35.08 86.42 83.74 86.13 78.54
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(μg/m3), categorized by monitoring station, area (Urban/Peri-urban), 
season (Rainy: Jan–Jun; Dry: Jul–Dec), and day type (Weekdays: Mon
–Fri; Weekend: Sat–Sun). Analysis reveals a modest and site-specific 
weekend effect, which is negligible compared to the pronounced dry- 
to-wet seasonal signal. In urban stations, weekend concentrations for 
both PM fractions are generally slightly higher (~1–3 μg/m3, often 
within one standard deviation), as seen at Alvorada and Maracanã. This 
increment is more consistent for PM10, suggesting contributions from 
coarse particle resuspension due to leisure traffic. However, the trend is 
not universal, with sites like Diamantino showing higher weekday 
levels, indicating the persistent influence of routine work-week activity.

The pattern is more distinct in certain peri-urban areas (Table S3). 
Locations with recreational focus, notably Alter do Chão 1, show clear 
weekend elevations during the dry season, coupled with high varia
bility—pointing to episodic sources like visitor traffic on unpaved roads. 
In contrast, other peri-urban sites, such as São Pedro, show equal or 
higher weekday concentrations, likely reflecting work-related freight 
and mobility. Weekend-weekday differences become negligible across 
most stations during the rainy season. Table S3 results indicate that 
pollution exposure is driven more by seasonal factors than by day-of- 
week variations.

Fig. 5(a)–(d) shows monthly boxplots of daily PM2.5, PM10, 2-m 
temperature, and relative humidity for urban (pink) and peri-urban 
(blue) sites in 2023. Across January–June (rainy season), urban and 
peri-urban distributions are similar monthly medians and IQRs for PM2.5 
and PM10 largely overlap, mirroring similar temperature and relative- 
humidity distributions. From July–November (dry season), urban sites 
shift higher, especially October–November. Urban boxplots sit above 
peri-urban for both PM2.5 and PM10 and show heavier upper tails, 
indicating more frequent high-concentration days. Meteorological dif
ferences between classes remain small relative to the seasonal swing 
(temperatures rise and RH falls in both groups), so the air-quality gap is 
concentrated in the dry season, consistent with greater urban exposure 
to upwind fire corridors. In short, seasonality dominates, but urban 
concentrations tend to be earlier and higher in the dry season, whereas 
peri-urban levels track the same pattern at lower central values and with 
narrower spread.

Fig. S1 shows pairwise Pearson (Pe) and Spearman (Sp) correlations 
(with p-values) among daily PM2.5, PM10, 2-m temperature, and relative 
humidity, computed separately by season (a–b) and area class (c–d). 
Fig. S1 shows PM2.5 and PM10 are highly correlated (Pe ≈ 0.94–0.98; Sp 
≈ 0.83–0.93; p < 0.001), indicating near-proportional co-variation. 
Temperature and RH is correlated negatively (Pe ≈ − 0.66 to − 0.75), 
reflecting the expected thermodynamic anticorrelation. PM versus 
temperature correlation is low in the rainy season (Pe ≈ 0.03–0.10) but 
moderate positive in the dry season (Pe ≈ 0.31–0.50), while PM versus 
RH is correspondingly moderate negative in the dry season (Pe ≈ − 0.27 
to − 0.43) and weak in the rainy season. Urban and peri-urban panels 
show the same correlation pattern, with only small differences in 
magnitude. Given the very high correlation between PM2.5 and PM10, 
the associated variance inflation factors (VIFs) would exceed common 
thresholds (≈5–10), so including both as predictors would introduce 
severe multicollinearity and unstable coefficient estimates. Treating 
them as redundant—and prioritizing the greater health relevance of the 
fine fraction—we used PM2.5 as the sole particulate metric (proxy) in the 
statistical models.

3.2. Influence of fire and atmospheric conditions on PM2.5 concentrations

To attribute daily PM2.5 variability to fire activity and weath
er—building on the seasonal patterns and WHO exceedances shown 
above—we fitted Generalized Estimating Equations (GEE) with a 
Gamma family and log link, treating monitoring sites as clusters and 
days as the within-cluster time index. PM2.5 (the sole particulate 
outcome, given its strong covariance with PM10; median PM2.5/PM10 ≈

0.79) was aligned by site–day with satellite-derived fire radiative power 
(FRP) and meteorology. FRP exposure around each site was represented 
in multiple, physics-aware ways: concentric buffer sums at 25/50/75/ 
100 km, a proximity-weighted composite (heavier weight to nearer 
fires), and exponential distance-decay indices with decay scales of 30/ 
50/70 km; 1–2-day lags of the composite/decay metrics captured short- 
term carryover. Temperature and relative humidity were taken exclu
sively from the in-situ monitoring network. Temperature entered the 
model only as a natural cubic spline (nonlinear basis; no orthogonalized 

Fig. 5. Monthly distributions (urban vs. peri-urban) monthly boxplots of: (a) daily PM2.5, (b) PM10, (c) 2-m air temperature, and (d) Relative humidity for urban 
(pink) and peri-urban (blue) sites in 2023. Boxes indicate the interquartile range (IQR) with the central line as the median; whiskers summarize the month-to- 
month spread.
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quadratic term was used), while relative humidity entered linearly; we 
also included an FRP × RH interaction to test humidity-modulated fire 
effects. ERA5 daily 10-m wind speed, boundary-layer height, and total 
precipitation (with a 1-day lag) were used as additional controls 
variables.

All continuous covariates were winsorized (1st–99th percentiles) and 
standardized (z-scores) prior to modeling; correlation matrices and VIFs 
were examined to assess collinearity. Temporal dependence within sites 
was addressed by comparing AR(1) and exchangeable working- 
correlation structures (with automatic fallback to exchangeable if 
convergence issues arose). We report coefficients as multiplicative ef
fects exp(β) —interpretable as percent change in mean PM2.5 per one-SD 
change in the predictor—and used QIC to compare FRP specifications, 
decay scales, and correlation structures. Because exploratory diagnostics 
indicated strong seasonal non-stationarity in fire influence and meteo
rology, models were estimated separately for January–June (wet sea
son) and July–December (dry season), and results were summarized 
side-by-side to quantify seasonal shifts in FRP and meteorological 
sensitivities.

Building on these models, Fig. 6(a) and (b) summarizes how fire 
activity relates to daily PM2.5 and whether that relationship depends on 
humidity. In the wet season, a +1 SD increase in the standardized FRP 
index is associated with an ≈10% increase in mean PM2.5 (exp(β)≈1.10; 
p < 0.001) under the best-fitting Weighted + Lags • AR1 • d = 70 km 
specification, lowest QIC (Fig. 6(a)). In the dry season, the corre
sponding increase is ≈ 25% (exp(β)≈1.25; p < 0.001) with Lags_only •
Exchangeable • d = 30 km (Fig. 6(a)). Fig. 6(b) shows that the FRP × RH 
interaction is significant in the wet season: the marginal FRP effect rises 
from ~4% at RH − 1 SD to ~10% at the median and ~16–17% at RH +1 
SD (p ≈ 0.047). In the dry season, the FRP effect remains high but 
changes little with RH and the interaction is not significant (p ≈ 0.635). 
These results indicate that humidity modulates the fire–PM2.5 link 
during the wet months, whereas during the dry months the FRP effect is 
strong and largely independent of RH over the observed—consistent 
with a regime where PM2.5 levels become dominated by emission 
magnitude and synoptic-scale advection/mixing rather than local 
moisture variability.

Fig. 7(a and b) shows the main-effect estimates for the “core” 
meteorology in the best seasonal GEE models (points = % change in 
PM2.5 per +1 SD; bars = 95% CI; p-values at right). All effects are 

conditional on FRP and the remaining covariates. In the wet season 
[Fig. 7(a); Weighted + Lags • AR1 • d = 70], only wind speed is sig
nificant and it is positive (p = 0.026), indicating that stronger near- 
surface flow tends to advect smoke into the city when the urban back
ground is otherwise low; PBLH, RH, precipitation (0 and − 1 day), and 
the temperature spline bases are not different from zero (p ≥ 0.05). In 
the dry season [Fig. 7(b); Lags-only • EXCH • d = 30], wind speed is 
negative (p < 0.001; ventilation), previous-day precipitation is negative 
(p < 0.001; wet removal), and PBLH is positive (p < 0.001; deeper mixed 
layers coinciding with regional smoke entrainment). Temperature 
shows weak nonlinearity (one spline term positive, p = 0.013); same- 
day precipitation and the other spline bases are not significant. Meteo
rological controls on PM2.5 are season-dependent: in the wet season, 
once fire activity is accounted for, most covariates have little residual 
effect; in the dry season, dispersion (WS), recent rain (Precip-1d), and 
boundary-layer structure (PBLH) meaningfully modulate concentra
tions. These results reinforce that fire activity is the primary driver of 
day-to-day PM2.5 variability—particularly during the dry season—while 
meteorology acts mainly as a conditional modulator of the fire signal.

In accordance with Fig. 7(a–b), Fig. S2 (a)–(b) synthesizes how 
meteorology influences daily PM2.5 across the full set of FRP exposure 
specifications. In the wet season, Fig. S2 (a), effects cluster near zero and 
are rarely significant—consistent with low fire activity—except for an 
occasional small positive wind-speed effect, suggesting episodic smoke 
advection. In the dry season, Fig. S2 (a), patterns are strong and stable 
across buffers, decay scales, weighting, and correlation structures: wind 
speed is consistently negative (ventilation/advection lowers PM2.5), 
PBLH is consistently positive (deeper mixing layers are associated with 
entrainment/regional smoke, net increasing PM2.5), and previous-day 
precipitation is negative (wet scavenging carryover). Relative humidi
ty and the temperature spline bases remain generally weak once FRP is 
controlled, reinforcing that dispersion, boundary-layer depth, and wet 
removal are the dominant meteorological modulators of smoke-driven 
PM2.5 in the dry season.

3.3. FRP–wind–PM2 5 polar radar for operational smoke risk and early 
warning

To translate the GEE findings into an operational, city-centered view, 
we built a four-panel FRP–Wind–PM2.5 polar radar that can be 

Fig. 6. Fire influence on PM2.5 by season: (a) Seasonal FRP main effects shown as effect multipliers exp(β) with 95% CIs and p-values; labels indicate the winning 
specification and data scope (Wet—Weighted + Lags • AR1 • d = 70 km; Dry—Lags_only • EXCH • d = 30 km). Values are percent changes in mean PM2.5 per +1 SD 
in FRP. (b) FRP × RH marginal effects from the best model in each season, evaluated at RH = − 1 SD, median, and +1 SD; the interaction p-value is annotated at RH 
= +1 SD.
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generated at daily to seasonal scales. Each radar is centered on Santarém 
and uses the same physically motivated exposure settings as the best 
GEE specifications (upwind cone defined by the daily mean ERA5 wind, 
±45◦; FRP integrated with distance decay and short lags of 0–1 days 
with exponential time decay). In all radar panels, the upper-left map 
shows all MODIS hotspots within 250 km colored by concurrent station 
PM2.5; the upper-right isolates upwind (±45◦) sources relative to the 
station; the lower-left panel is a lag-aware fire-impact index that com
bines same-day (D0) and previous-day (D–1) upwind FRP with distance 
decay; and the lower-right panel is a meteorological susceptibility 
wedge (0–1) determined solely by that day's wind direction and speed at 
the station. Radial distance is in kilometers, the dashed line marks the 
mean wind direction (arrow length ∝ wind speed), and captions report 
total fires and upwind-only counts. These radars provide situational 
awareness consistent with the modeled effects: they highlight when 
abundant upwind FRP coincides with favorable advection, the combi
nation most associated with same-day PM2.5 elevations in our GEE 
results.

3.3.1. Case study: November 2023 smoke episode—radar-based situational 
awareness

On 13 November of 2023, Fig. 8(a)–(d)), upwind activity became 
established—63 upwind hotspots of 222 total—under easterlies ≈3.7 m/ 
s. The susceptibility wedge centers near ~80◦, and the lag-aware impact 
field lights up tiles within ~100–150 km, indicating moderate potential 
from D0 + D–1 exposure. Conditions intensify on 14 Nov [Fig. 8(e)–(h)]: 
total fire load and, crucially, upwind sources increase sharply (169 up
wind of 1550 total) while easterlies ≈3.4 m/s persist. The impact field 
expands to ~200–250 km as the D–1 carry-over from 13 Nov stacks with 
same-day emissions, and the station PM2.5 markers simultaneously 
darken—consistent with the observed deterioration in air quality.

A longer chronology in the Supplement supports this interpretation. 
Fig. S3 (10-11 November) and Fig. S4 (12 November) shows the pre- 
peak phase with few upwind ignitions (6/27 and 13/80, respectively) 
and only localized impact tiles despite suitable easterlies, consistent 
with low immediate risk. After the 13–14 November surge, Fig. S5 (15 
November) documents a drop in same-day upwind fires (6/144), yet the 
lag-aware impact index remains elevated and aligned with ~4.7 m/s 
easterlies—evidence that D–1 transport from 14 November can sustain 
smoke even as new ignitions wane. Fig. S6 (16 November) shows a 
rebound in upwind activity (98/682) under ~3.4 m/s easterlies and a 

renewed, spatially extensive impact field, indicating continued transport 
potential.

A second episode of fire-driven PM2.5 deterioration, followed by 
rapid recovery, occurred immediately after the prior peak (18–21 
November). Fig. 9 synthesizes 19–20 November, with the flanking days 
shown in Fig. S7 (18 November) and Fig. S8 (21 November). On 18 
November (Fig. S7), many ignitions appeared within 250 km of the city 
(243 total; 80 upwind within ±45◦ of the mean wind), and the lag-aware 
upwind impact index showed several red/yellow sectors along the NE 
corridor under easterly–northeasterly 3–4 m/s flow and high meteoro
logical susceptibility—conditions consistent with the onset of a smoke 
build-up. Activity intensified on 19 November [Fig. 9(a)–(d)]: 491 total 
fires (but only 64 upwind-aligned), yet the susceptibility lobe remained 
strong toward the NE; the upwind index still flagged multiple high-risk 
sectors, and the central monitor showed elevated PM2.5. The situation 
improved sharply on 20 November [Fig. 9(e)–(h)] as regional fire ac
tivity collapsed (30 total; 22 upwind) and the upwind index weakened, 
even though winds and the susceptibility pattern changed little; 
measured PM2.5 concurrently declined, indicating that the drop in the 
source term dominated day-to-day air-quality changes. A rebound on 21 
Nov (Fig. S8) is evident—403 total fires; 157 upwind—with renewed 
high values in the lag-aware upwind index under similar NE flow and a 
persistent susceptibility lobe.

Fig. 10 shows the daily mean urban–periurban PM2.5 (blue) with the 
weighted number of upwind fire hotspots (red) from July–December 
2023, dry season, with the 10–22 November episode shaded. Over the 
full period the two series co-vary with a moderate but significant asso
ciation (Pearson r = 0.522; Spearman ρ = 0.655; both p < 0.001). 
During the mid-November event—when the polar radar indicated a 
dense corridor of upwind fires together with high meteorological sus
ceptibility toward the city (Fig. 8; Fig. 9; and Fig. S3–S8)— the sour
ce–receptor coupling strengthened markedly (Pearson r = 0.758, p =
0.003; Spearman ρ = 0.857, p < 0.001). The higher rank correlation 
than linear correlation indicates a monotonic but slightly nonlinear 
response, consistent with the log-link GEE results and with occasional 
saturation at very high smoke loads.

Event timing in Fig. 10 also mirrors the radar-diagnosed transport: 
the PM2.5 peaks on 13–14 and 19 November coincide with (or follow by 
0–1 day) surges in upwind fire activity detected by the radar, while the 
rapid improvement after 20 November aligns with both a sharp drop in 
upwind fires and a shift to less favorable advection (lower susceptibility 

Fig. 7. Core meteorological covariates for the winning seasonal GEE models. Panels show percent change in daily PM2.5 per +1 SD in each covariate (points, 95% 
CIs). (a) Rainy season—best model: Weighted + Lags • AR1 • d = 70. (b) Dry season—best model: Lags_only • EXCH • d = 30. p-values (≤0.001 precision) are listed 
at right. Temperature enters as a natural-spline smooth; individual basis coefficients are not directly directional but indicate nonlinearity when significant.
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Fig. 8. Lag-aware FRP–Wind–PM2.5 polar radar for 13–14 November 2023. Panels (a)–(d): 13 November; (e)–(h): 14 November. For each day—(a)–(e): all MODIS 
hotspots ≤250 km with station PM2.5; (b)–(f)t: upwind hotspots (±45◦ about mean wind); (c)–(g): lag-aware (D0 + D− 1, distance-weighted) upwind fire-impact 
index; (d)–(h): wind-based susceptibility (0–1). Concentric rings mark 50–250 km; labels report total/upwind fires.
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Fig. 9. Lag-aware FRP–Wind–PM2.5 polar radar for 19–20 November 2023. Panels (a)–(d): 19 November; (e)–(h): 20 November. For each day—(a)–(e): all MODIS 
hotspots ≤250 km with station PM2.5; (b)–(f)t: upwind hotspots (±45◦ about mean wind); (c)–(g): lag-aware (D0 + D− 1, distance-weighted) upwind fire-impact 
index; (d)–(h): wind-based susceptibility (0–1). Concentric rings mark 50–250 km; labels report total/upwind fires.
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in the radar panels). Taken together, the analysis identifies three 
necessary conditions for an acute urban smoke intrusion episode: (i) 
active fires in the upwind sector, (ii) advection-favorable wind fields, 
and (iii) short-lag persistence of emissions (D0 + D–1). The strongest 
PM2.5 degradation (14 November) occurred with all three conditions 
met, whereas elevated risk persisted on 15 November due to favorable 
winds and prior-day loading despite fewer new fires. This lag-sensitive 
behavior corroborates the GEE findings and further validates the polar 
radar as a physically grounded tool for near-term smoke risk assessment.

4. Discussion

The pronounced seasonal pattern observed in Santarém—charac
terized by low and stable particulate matter concentrations during the 
rainy season and sharply elevated levels with significant spatial het
erogeneity during the dry season—is a hallmark of the Amazonian 
biomass burning regime. This aligns with some regional research doc
umenting the transboundary nature of fire emissions and their role as 
the dominant source of fine particulates during the dry season (Artaxo 
et al., 2013; Reddington et al., 2015). The consistently high PM2.5/PM10 
ratios (0.7–0.9) from September to November provide direct, 
ground-based confirmation of a shift to fine-mode aerosol dominance, a 
known chemical fingerprint of biomass burning smoke that has been 
previously identified in atmospheric sampling studies (Martin et al., 
2010).

The earlier and more intense pollution spikes recorded at peri-urban 
stations reviews an important local dynamic often missed by regional 
models. This suggests that these areas, which interface directly with fire- 
prone landscapes, may experience a more immediate and potent impact 
from local burning activities—such as agricultural clearing and forest 
fires—compared to the urban core, which is likely influenced by a more 
diluted regional smoke plume alongside its distinct urban emission 
sources (Cardoso et al., 2020). Consequently, while our findings affirm 
the established macro-scale narrative of long-range smoke transport, 
they also reveal a finer-scale, intra-city heterogeneity in exposure, 
showing that populations in the urban periphery may face a dispro
portionately high health risk during the burning season.

The synchronicity of positive temperature anomalies, negative hu
midity anomalies, and elevated particulate matter concentrations during 
the dry season, as revealed by the standardized anomalies, reveals the 
coupled nature of fire weather and pollution accumulation. This triad of 

conditions (simultaneous occurrences of temperature, humidity partic
ulate matter concentrations anomalies) is not merely coincidental but 
physically interdependent: the same persistent high-pressure systems 
and reduced cloud cover that foster elevated temperatures and lower 
relative humidity also inhibit pollutant dispersion through a suppressed 
boundary layer, while concurrently creating the dry fuel conditions 
ideal for ignition and fire spread. This aligns with the regional pattern 
described by Reddington et al. (2015), where drought conditions 
intensify burning and suppress atmospheric mixing, leading to the 
accumulation of pollutants. The fact that this meteorological signature is 
so clearly captured by the sensor network validates its utility in diag
nosing the fundamental drivers of air quality extremes. Furthermore, the 
tight coupling observed suggests a potential positive feedback loop, 
where regional smoke from fires may further intensify the dry, warm 
conditions that favor their ignition and persistence. This finding moves 
beyond establishing a seasonal correlation and begins to delineate the 
specific atmospheric states that culminate in the highest exposure events 
for the urban population, thereby pinpointing important windows for 
public health intervention.

The spatiotemporal analysis further reveals that while urban and 
peri-urban areas share a common seasonal pattern, their exposure pro
files differ in some ways. The earlier and more intense pollution 
anomalies in peri-urban zones point to their role as sentinels for initial 
smoke intrusion, likely due to their proximity to active fire frontiers. The 
subsequent, even higher-amplitude peaks in the urban core later in the 
dry season suggest the accumulation of regional smoke plume, poten
tially compounded by local urban emissions. This spatial gradient in the 
timing and intensity of exposure reveals that populations across the city 
face heterogeneous health risks throughout the fire season. Importantly, 
the overwhelming concentration of WHO guideline exceedances 
(>94%) within the dry season, coupled with the systematic shift to a 
fine-particle-dominated aerosol (PM2.5/PM10 ratio ~0.79), demon
strates that the public health burden is not only seasonal but also driven 
by the most respirable and hazardous particle fraction. The minimal 
weekend-weekday effect, dwarfed by this seasonal signal, reinforces 
that the primary driver of population exposure is large-scale biomass 
burning, not local weekly activity cycles.

The divergence in particulate matter distributions between urban 
and peri-urban areas during the peak of the dry season, as detailed in 
Fig. 5, refines the understanding of intra-city exposure dynamics. While 
both zones are subject to the same regional smoke plume, the 

Fig. 10. Daily mean PM2.5 concentrations and upwind fire hotspots in Santarém, Brazil (July-December 2023). The blue line shows average PM2.5 levels across urban 
and periurban stations (±1 standard deviation), while the red line represents weighted upwind fire counts calculated with 0-1 day lags within a 250 km radius and 
45◦ upwind sector. The gray shaded area indicates the period of elevated pollution and fire activity (10-22 November 2023). Correlation statistics for both the entire 
period and the highlighted period are shown.
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consistently higher medians and heavier upper tails in urban boxplots 
from October to November indicate that the urban core experiences a 
more concentrated and persistent pollution burden during the most 
polluted period. This urban amplification effect cannot be explained 
towards the combined impact of advected biomass burning smoke and 
localized urban emissions.

The GEE models quantitatively confirm that fire activity is a domi
nant driver of PM2.5 variability in Santarém, with a effect size that in
tensifies significantly from the wet to the dry season. The fivefold 
increase in the FRP coefficient (from ~10% to ~25% increase in PM2.5 
per +1 SD FRP) quantitatively captures the transition from a regime 
where fires are sporadic and weakly influential to one where they are the 
principal determinant of air quality. The significant FRP × RH interac
tion during the wet season suggests that in a generally clean atmosphere, 
the hygroscopic growth and aerosol chemistry modulated by humidity 
can enhance the impact of isolated fire plumes. In contrast, the absence 
of this interaction in the dry season indicates a saturation effect, where 
the massive, regional-scale smoke burden overwhelms local meteoro
logical modulation; the PM2.5 levels are then primarily a function of 
emission strength and synoptic-scale transport, as noted in large-scale 
analyses of Amazonian aerosol (Artaxo et al., 2013). This important, 
seasonally-stratified quantification of the fire-PM2.5 relationship pro
vides the empirical foundation necessary to build predictive systems and 
underscores that fire management is the single most effective lever for 
protecting public health during the critical dry months.

Furthermore, GEE models further clarified the distinct seasonal roles 
of meteorology in modulating PM2.5 concentrations, once fire activity is 
accounted for. The shift in wind speed's effect—from a weakly positive 
influence in the wet season, likely advecting distant smoke, to a signif
icant ventilating effect in the dry season—highlights a fundamental 
change in atmospheric processes. The consistent negative coefficient for 
previous-day precipitation during the dry season robustly confirms the 
importance of wet scavenging as a key cleansing mechanism. Perhaps 
most notably, the positive association between boundary layer height 
(PBLH) and PM2.5 in the dry season reveals a critical dynamic: deeper 
mixing layers do not necessarily dilute local pollution but are instead 
correlated with the large-scale entrainment of regionally aged smoke, a 
phenomenon documented in Amazonian atmospheric studies (Andreae 
et al., 2015). The stability of these meteorological effects across the suite 
of FRP exposure specifications (Fig. S2) underscores their robustness. 
Ultimately, these findings demonstrate that while meteorology acts as a 
secondary modulator, its influence is conditional on the primary source 
term; its most meaningful impacts on PM2.5 are only realized when and 
where significant fire emissions are present.

The November 2023 case study demonstrates the operational utility 
of the FRP–Wind–PM2.5 polar radar as a tool for situational awareness. It 
visually encapsulates the dynamic process of smoke transport, moving 
beyond static correlation to reveal how air quality deteriorates in near- 
real-time through the interplay of three factors: the intensification of 
upwind fire clusters, persistent wind direction aligning these sources 
with the receptor area, and the cumulative effect of multi-day emissions. 
The tool's critical advancement is its ability to integrate this spatial 
alignment with a temporal lag, as evidenced on 15 November when 
elevated PM2.5 levels persisted due to the transport of the previous day's 
emissions, despite a drop in new ignitions. This lag-aware impact field 
provides a more accurate and physically plausible assessment of risk 
than a simple snapshot of daily fire counts. Consequently, this meth
odology translates the statistical relationships quantified by the GEE 
models into a practical, low-computational framework for identifying 
emerging smoke corridors and forecasting short-term degradation in air 
quality, fulfilling a key objective of providing actionable intelligence for 
public health protection in data-scarce regions.

The second episode, 18–20 November, reinforces an important 
finding for public health preparedness: during the peak of the fire sea
son, day-to-day changes in air quality are predominantly driven by the 
highly variable ignition field not only by the synoptic-scale 

meteorology. The rapid deterioration and subsequent recovery observed 
between 19 and 20 November occurred despite largely consistent wind 
patterns and atmospheric susceptibility. This demonstrates that while 
meteorological corridors create the potential for transport, the actual
ization of high-PM2.5 events is contingent on the presence of active 
upwind fires. The system's sensitivity to this ignition dynamic is a key 
operational insight; it suggests that monitoring the location and in
tensity of fire activity within established wind corridors can provide 
reliable short-term forecasts of impending air quality degradation, even 
in the absence of major meteorological shifts. This further validates the 
core premise of the early-warning tool, highlighting its utility in tracking 
the highly transient source term that ultimately governs exposure risk 
during the crisis period of the burning season.

The strong, event-driven correlation between upwind fire hotspots 
and urban PM2.5, as quantified in Fig. 10, provides an important sta
tistical validation of the physical relationships visualized by the polar 
radar. The significant strengthening of this correlation during the mid- 
November episode confirms that the tool successfully identifies pe
riods when the source-receptor connection is most direct and potent. 
The higher Spearman's rho indicates a robust, monotonic relationship 
that accommodates the non-linear saturation effects typical of extreme 
pollution events, a nuance that aligns with the Gamma model's struc
ture. Ultimately, this integrated analysis consolidates the three neces
sary and sufficient conditions for a significant urban smoke intrusion: 
the presence of upwind fires, wind fields capable of advecting emissions 
toward the city, and the cumulative contribution of multi-day burning. 
The fact that the most severe PM2.5 peaks materialize only when these 
conditions converge emphasize that effective early warning must move 
beyond tracking fires or wind in isolation. Instead, it must fuse these 
elements into a unified, lag-aware assessment, as demonstrated here, to 
accurately anticipate the acute exposure events that pose the greatest 
threat to public health.

In conclusion, this study provides a city-scale, physics-informed 
assessment that quantitatively links biomass burning to the air quality 
crisis in Santarém, a representative medium-sized city in the Amazon. By 
integrating a network of low-cost sensors with satellite fire data and 
reanalysis meteorology, we have moved beyond broad seasonal corre
lations to deliver a mechanistic understanding of the drivers of PM2.5. 
These results systematically establish that the extreme degradation of air 
quality is a direct consequence of upwind fire activity, the intensity of 
which is modulated by specific meteorological conditions—particularly 
wind direction and boundary layer processes. The statistical models 
quantified the seasonally varying effect sizes of fire, while the novel 
polar radar tool translated these relationships into an operational 
framework for situational awareness.

Despite the strengths of this integrated framework, limitations must 
be acknowledged when interpreting the results. First, the MODIS-based 
FRP product offers only one daytime overpass per sensor, which in
creases uncertainty in the detection of short-lived or low-intensity fires; 
these smaller ignitions may extinguish before the satellite pass and thus 
remain unobserved, leading to an underestimation of the true ignition 
field. Second, although the low-cost sensors employed here have been 
validated, they remain subject to operational challenges—including 
humidity sensitivity, electronic drift, and the need for regular main
tenance—similar to those affecting reference-grade instruments. Third, 
long-range smoke transport from distant regions of the Amazon basin 
can influence air quality in Santarém during enhanced burning episodes; 
such remote contributions cannot be fully disentangled using local FRP 
metrics alone. Fourth, the complex lake–river breeze dynamics charac
teristic of the Tapajós–Amazon confluence may impact pollutant 
dispersion in ways that are not fully captured by the reanalysis wind 
fields used in this study, particularly at sub-grid scales. Finally, because 
the monitoring network does not measure wind speed or wind direction, 
we relied on ERA5 reanalysis for these variables; although ERA5 per
forms well at regional scales, its ~31 km resolution cannot resolve fine- 
scale circulations, introducing additional uncertainty into the modeled 
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transport pathways. These limitations do not compromise the central 
findings but highlight key areas where future work, including multi-year 
analyses, higher-frequency fire products, local wind measurements, and 
plume-rise modeling—could further refine exposure assessments in 
Amazonian cities.

While this study utilized ERA5 reanalysis data for analysis, the 
developed tool is designed for operational forecasting and can be 
seamlessly adapted to utilize real-time meteorological prediction data, 
such as the Global Forecast System (GFS), and generate forecasts on an 
hourly basis. This integrated data-modeling approach demonstrates that 
it is not merely the presence of fires, but their precise location relative to 
wind corridors and their cumulative impact over days, that determines 
urban exposure. By providing a scalable and transferable methodology, 
this work addresses a critical gap in environmental monitoring for 
developing Amazonian cities, offering a scientifically-grounded, 
actionable pathway for protecting public health where formal infra
structure is limited. It emphasizes that effective air quality management 
on the Amazon must prioritize targeted fire prevention and prepared
ness, informed by local-scale, real-time monitoring and forecasting.

5. Conclusions

This work establishes a direct, quantitative link at the city-scale 
between biomass burning and the severe particulate matter pollution 
plaguing Santarém, a key Amazonian urban center. This integrated 
methodology, fusing a network of low-cost sensors with satellite fire 
data and reanalysis meteorology, yielded several important findings. 
This study systematically confirmed that the extreme dry-season 
degradation of air quality is a direct consequence of upwind fire activ
ity, with the effect of Fire Radiative Power (FRP) on PM2.5 increasing 
fivefold from the wet (≈10% increase per +1 SD FRP) to the dry season 
(≈25% increase). This relationship is modulated by a triad of meteo
rological conditions—elevated temperature, lower humidity, and spe
cific boundary-layer processes—that concurrently favor fire spread and 
pollution accumulation. The results for the year 2023 revealed signifi
cant intra-city heterogeneity in exposure. Peri-urban areas act as senti
nels, experiencing earlier and more intense initial smoke intrusion, 
while the urban core later suffers from a more concentrated and 
persistent pollution burden, likely due to the combined impact of 
regional smoke plumes and local urban emissions. This spatial gradient, 
coupled with the finding that over 94% of WHO guideline exceedances 
occur during the dry season and are dominated by fine particles (PM2.5/ 
PM10 ratio ~0.79), underscores a spatially and temporally variable 
public health risk. The statistical models and the novel FRP–Wind–PM2.5 
polar radar tool developed here translate this information into action
able intelligence. The tool demonstrates that the actualization of high- 
risk episodes depends on three convergent factors: (i) active upwind 
fires, (ii) wind corridors aligned with the urban area, and (iii) the cu
mulative impact of multi-day emissions. By providing a lag-aware, 
physically plausible assessment of transport risk, this low- 
computational approach offers a scalable and transferable solution for 
near-real-time situational awareness and early warning in data-scarce 
regions across the Amazon. Ultimately, this work emphasizes that 
effective air quality management in the communities and developing 
cities in Amazon must prioritize targeted fire prevention and pre
paredness. The findings provide a scientific foundation for public health 
interventions that are informed by local-scale, real-time monitoring and 
forecasting, offering a tangible pathway to mitigate exposure for 
vulnerable urban populations.
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Pöschl, U., Prather, K.A., Roberts, G.C., Saleska, S.R., Dias, M.a.S., Spracklen, D.V., 
Swietlicki, E., Trebs, I., 2010. Sources and properties of Amazonian aerosol particles. 
Rev. Geophys. 48, RG2002. https://doi.org/10.1029/2008rg000280.

Martins, E.A., Gomes, A.C., Leitão, E., Almeida, D., Raiol, A., Batalha, S.S., Silva, G., 
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Belém, PA. https://www.seop.pa.gov.br/sites/default/files/estudo_de_delimitaca 
o_da_regiao_metropolitana_de_santarem_0.pdf (acessado em 11 de outubro de 2025). 
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