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Abstract: The analysis of atmospheric particles (aerosols) is of special interest due to their potential
effects on human health and other applications. In this paper the climatic and seasonal effects on
aerosols have been characterized in Tucuman city (26°50° S, 65° 13 W, 450 m asl), Argentina, for
the 2006-2013 period. The atmospheric aerosols in Tucuman city result from both stationary and
mobile sources such as: industrial activity of sugar cane and alcohol distilleries, paper industry,
biomass burning (mainly sugarcane waste crop and grasslands), household waste burning and
transport emissions. The peak of industrial activity is seasonal, coincident with the austral winter
(July-August-September), when accumulation of particles in the lower atmosphere occurs. In this



174

region, there are no studies like the present one that evaluate, using “in situ” equipment, the temporal
variation of aerosols and its causes, by applying modern analytical techniques. A continuous
volumetric and isokinetic sampler of Hirst type (Burkard), was used for atmospheric particle
sampling, in weekly records between 2006 and 2013. The particle concentration (number of particles
per cubic meter) showed an increasing trend in the studied period. The monthly variation of: the
particle concentration; the aerosol optical thickness at a wavelength of 550 nm (AODssy) obtained
from the Moderate Resolution Imaging Spectroradiometer (MODIS) sensors onboard Aqua (NASA)
satellite, and the AOD from different aerosol tracers (black and organic carbon, sea salt, sulfates,
dust) obtained from the Modern-Era Retrospective Analysis for Research and Applications
(MERRA-2), were also analyzed. The temporal variation in particle concentration was explained
mostly by wind direction, while the corresponding variation for AODsso(MODIS) was explained by
temperature and seasonality (as by-product of climatic variation and anthropogenic particle emission
sources). The variation in the AODsso(MERRA-2) data series were explained by temperature,
humidity, precipitation, and seasonality, with less effect of wind speed and direction. Particle
concentration, AODsso(MODIS), and AODssoq(MERRA-2) were highly variable. The
cross-correlation between AODsso(MODIS) and AODsso(MERRA-2) time series was significantly
positive at lag zero. Other contribution was the determination of the space-time distribution of
aerosols on a monthly basis considering AODsso MODIS (3 km x 3 km) data. The present study
suggests that these variables are affected by temperature and wind dynamics driven by seasonal and
high-order autoregressive non-linear processes.

Keywords: Remote sensing; air pollution; seasonality; particulate matter quantification;
environmental monitoring

1. Introduction

Atmospheric particles (aerosols) are of special interest to environmental sciences due to their
potential effects on human health and the ecosystem [1-6]. According to their equivalent
aerodynamic diameter, the particles are classified as: coarse (PMjo: equal or smaller than 10 pum),
fine (PM;s: equal or smaller than 2.5 um) and ultrafine (PMy ;: equal or smaller than 0.1 pm). The
atmospheric distribution of particles is determined by the location of the sources and the climatic
conditions. Most studies that correlate aerosols with meteorological conditions have been carried out
in the Northern Hemisphere [7—-10]. In South America this topic is still highly unexplored and scarce
data are available [7,8,11-17]. Consequently, every step for understanding aerosol dynamics is
important for guiding management environmental policies and their relationship with climate change.

Due to the fact that anthropogenic aerosols are generally emitted at essentially surface level and
remain strongly constrained in the planetary boundary layer (PBL), the air pollutants are significantly
higher in the PBL than in the rest of the atmosphere [18,19]. Approximately 95% of the total
atmospheric particles are concentrated in the PBL [20]. Due to the air mass convective movements
within an average boundary layer, the air can be considered to be well mixed. However, local
meteorological conditions within the boundary layer can affect the altitudinal distribution of aerosols
due to mixing variations. Particulate concentration at ground level depends on boundary layer
thickness, which is also affected by variables such as temperature [21].
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San Miguel de Tucuman city, located in the Northwest of Argentina, is the most densely
populated place in Tucuman province (~64 inhabitants/km”; 794,327 inhabitants in 2010, Source:
INDEC/Instituto Argentino de Estadisticas y Censos). Due to that, high levels of particulate matter
concentration may have a considerable impact on human health and environmental quality.
Atmospheric aerosols in San Miguel de Tucuman are originated from several sources, such as
industrial activity (sugarcane and alcohol distilleries, paper industry), biomass burning (sugarcane
waste, grasslands and solid urban waste) and transport emissions [22]. These activities cause the
accumulation of aerosols in the lower atmosphere, producing Atmospheric Brown Clouds (ABC), a
dense blanket of polluted air consisting of an unhealthy mix of ozone, smoke and other particles
produced by human activities (see for example the NASA URL:
www.nasa.gov/vision/earth/environment/brown_cloud.html). These clouds produce significant
variation in the Aerosol Optical Depth (AOD), aerosol index (AI) and total solar irradiance
(TSI) [22]. The peak of sugarcane harvest, burning, and industrial activity, occurring mainly during
the austral winter (July to September) leads to the generation of ABC [22]. This phenomenon also
occurs in other regions of Argentina, as well as in the neighboring areas of Paraguay, Bolivia and
Brazil. However, it must be pointed out that in the area investigated in this work, there are no other
studies like the present one that evaluate, using “in situ” equipment, the temporal variation of
aerosols and its causes, by applying modern analytical techniques.

The dynamics of particulate matter in San Miguel de Tucuman is highly seasonal, with two
periods of high concentration in correspondence with the climatic seasonality and anthropogenic
particle emission sources [22]. During the austral winter, the harvest of sugarcane and citrus is
performed with high consumption of liquid fuels (gas oil, fuel oil) and bagasse sugarcane is used to
generate caloric energy for boilers. The boilers burn approximately 4,000,000 tons of bagasse per
year. Since combustion is incomplete, this practice generates approximately 90,000 tons of solids
(soot) per year (Environment Secretary of Tucuman, unpublished data). Since 2010, Scrubber type
filters on the boilers have been employed in order to reduce air contamination. Even if particles
larger than 2.5 microns are filtered, the smaller particles continue being released into the low
atmosphere. This fine fraction is the most harmful to human health, being present in the interchange
of gases between different regions of the lungs [3]. Other sources of atmospheric aerosols emitted by
the sugarcane agro-industry are: the burning of sugarcane fields prior to harvest, the machine
displacement and the transport of sugarcane. These activities take place during the dry season (May
to October), when the almost absence of rainfall reinforces the accumulation of particulate matter
suspended in the air. Moreover, other sources of air pollution are forest biomass burning [23],
burning of solid urban waste, industries (electric energy generation from natural gas, paper mill,
metalworking and food processing) and vehicular emissions (apart from sugarcane activity). These
activities also contribute to the production of the ABC above described. During the austral summer
(December to March), the activity of the sugarcane industry is low and the precipitation levels
increase, leading to the washing of atmospheric aerosols and to a decrease or vanishing of the ABC.
The anthropogenic aerosol sources vary along the seasons, so a seasonal dependence of particle
concentration is expected.

The complexity of San Miguel de Tucumén atmospheric dynamics is also enhanced by topographic
effects [22]. The territory is divided into plains in the East (200 to 400 m asl), foothills and mountains of
low height in the center-West and a chain of high mountains to the West (5500 m asl) [24]. The
prevailing winds come mostly from Southwest and Northeast sectors, and are affected by local
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topography [25,26]. The combination of topography and the wind pattern, produce an air particulate
accumulation in the central area of the province, where San Miguel de Tucuman city is located. Due to
the relatively high population density, high levels of particulate matter concentration may have a
considerable impact on human health and environmental quality. The objectives of this work are: (1) To
describe the space-time distribution of suspended particles in San Miguel de Tucuméan city and its
surroundings; (2) To explore the possible correlation between particle concentration measured in sifu and
the AOD estimated by satellite sensors; (3) To determine the influence of local climate variables and
seasonality on the temporal variation in particle concentration and AOD.

2. Materials and methods
2.1. Area of study and particulate sampling

Between September 2006 and August 2013, atmospheric aerosols were collected in San Miguel
de Tucuman city, Argentina. The particles were captured on a weekly basis by a continuous
volumetric and isokinetic sampler of Hirst (1952) type [27], Burkard model, installed on the roof of
the Botany building of the Fundacion Miguel Lillo (26°49°53.19” S, 65°13°18.74” W, 452 m asl).
The air stream (air flow of 10 L/min) entering the device with the load of atmospheric particles,
impinges on a transparent tape (Melinex) impregnated with a silicone solution. The aperture of the
device is 14 mm width and 2 mm height. As the sampler does not include a particle filter, particles of
all sizes remain captured in the tape. The sampler operates driven by a watch system that
synchronizes the time exposure of the different portions of the tape, while it rotates during a weekly
period. The tape was removed every seven days and cut into fragments, each one corresponding to a
daily period, following the recommendations done by the Aerobiology Spanish Network (Red
Espafiola de Aerobiologia) [28]. Each daily fragment was mounted on a slide and photographed
under a Carl Zeiss Axiostar Plus (100X objective) microscope equipped with Canon PowerShot
A620 digital camera 7.1 MP and a scale in microns. Since the sensor is a Burkard continuous
collector, a huge amount of data would be available, but makes our sampling approach impractical. So,
we selected a fraction of the one-day collection tape corresponding to the Sunday day at 22:00 hours
(local time = Universal Time — 3 hours) up to 23:00 hours, hereafter referred as sample. This time
period represents the baseline situation for the aerosol content in the atmosphere, as due to the
reduced traffic of vehicles and other activities (from construction, roadwork, and other activities
mentioned in the Introduction section), it can be assumed that the anthropogenic aerosols reach their
lower limit on Sunday night. So, the present results show the baseline situation for aerosols along the
seasons at Tucuman. However, the aerosol values at rush hours during working days are expected to
surpass the values here reported.

Photographs of the samples were processed using the ImageJ software 1.4 g version [29], in
order to determine the number and the area of the particles for each sample. The area of the particles
is given in units of surface (um”). The particle concentration (in particles/m’) was estimated by
analyzing the photographs, taking into account the number of particles counted in the observed area
of the sample, the air flow of the instrument, the dimensions of the tape (being its width 14 mm,
completely exposed to the incoming air containing the aerosols, at every measurement time) and the
rotation velocity of the tape fixed by the internal clock of the instrument (corresponding to a
displacement of 2 mm per hour, along the tape length). The resulting formula is:

AIMS Environmental Science Volume 5, Issue 3, 173-194.



177

_ 14*NCP mm?*

PA*0.3 [ m’

] (1

where 14 corresponds to the band width, NCP is the number of counted particles in each photograph,
PA is the observed area of the sample in the corresponding photograph and 0.3 is a factor that arises
when taking into account the air flow of the instrument and the rotation velocity of the tape.

In the present work, particle concentration values are reported as monthly averages from the
weekly samples. Due to a failure in the sampling instrument, the samples obtained from February to
April 2010 period were not considered. So, to fill these missing data in the time series analysis, the
historical average of the corresponding month was employed [30,31]. In order to test the influence of
this replacement in the final results, a moving average was used and the analysis resulted in similar
outputs.

2.2. Meteorological dataset

Daily climate data (air temperature, relative humidity, wind direction, wind speed, precipitation)
were obtained from Argentina National Meteorological Service (SMN, www.smn.gov.ar). In
particular, the accumulated precipitation per month was obtained.

2.3. Aerosol Optical Depth

Aerosol Optical Depth (at a medium visible range wavelength of 550 nm; AODssg) was
obtained  from the Moderate Resolution Imaging  Spectroradiometer (MODIS;
https://modis.gsfc.nasa.gov/) aboard Aqua/NASA satellite (passing time of Aqua satellite in the
interval 1-5 p.m. local time). The MODIS instrument provides high radiometric sensitivity (12 bit)
in 36 spectral bands ranging in wavelength from 0.4 pm to 14.4 pym. The Dark Target algorithm uses
MODIS bands 1 through 7 and 20 (prior cloud screening using MODIS data) to retrieve AOD over
oceans and land. In this study we used the MODIS dataset from collection 6, which, in addition to
the AOD product of 10 x 10 km of spatial resolution, provides an AOD product with a spatial
resolution of 3 km x 3 km, unlike the deep blue algorithm that only offers a product of 10 km x 10 km
of spatial resolution. Over land, the dynamic aerosol models are derived from ground-based sky
measurements and used in the net retrieval process [32]. The 3 km % 3 km spatial resolution provided
by the MYDO04 3K AOD product enables us to make a first approach to aerosol space-time
distribution in Tucuman city and its surroundings. This higher spatial resolution, with respect to
other available AOD satellite products, is more suitable for air quality studies at a major scale and a
potential tool to detect aerosol sources. A total of 2554 daily AOD-Aqua products were processed
corresponding to the 1st September 2006—31th August 2013 period.

MODIS data, unlike ground-based stations, provide information on large regions and enables us
to study aerosols not only at San Miguel de Tucuman city but also at nearby urbanizations such as
Tafi Viejo (point 2 in Figure 1), Alderetes (point 3), Banda del Rio Sali (point 4), San Pablo (point 5)
and Lules (point 6) with an acceptable spatial resolution. In correspondence with the in-situ
measurements, AOD satellite data are considered only for Sunday days.
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Figure 1. False color maps of monthly AODssy determined with the Dark Target
algorithm based on MODIS Aqua/NASA (2006-2013) data, of Tucuman city and
adjacent cities, indicated as follows: Tucuman city (point 1), Tafi Viejo (2), Alderetes (3),
Banda del Rio Sali (4), San Pablo (5) and Lules (6). Black lines indicate the cities
boundaries. Blue lines indicate the main rivers and streams in the area.

2.4. Aerosol Optical Depth by aerosol type

To determine the composition of atmospheric aerosols and evaluate its correlation with
particulate matter collected at Tucuman city, we used the Modern-Era Retrospective analysis for
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Research and Applications version 2 (MERRA-2) [33] on a monthly basis. MERRA-2 is a NASA
atmospheric reanalysis for the satellite era using the Goddard Earth Observing System Model,
Version 5 (GEOS-5) with its Atmospheric Data Assimilation System (ADAS), version 5.12.4. This
model focuses on historical climate analyses for a broad range of weather and climate time scales
and places the NASA EOS suite of observations in a climate context. From this dataset we obtained
the monthly AOD at 550 nm average corresponding to total AOD, black carbon (BC), organic
carbon (OC), sulfates (SU) and dust (DUST), for the pixel corresponding to the sampling site with a
spatial resolution of 0.5° x 0.625° (approximately 56 km x 70 km), from the web:
https://giovanni.gsfc.nasa.gov.

3. Data analysis
3.1. Series description at regional and local scale

Space-time variation of AOD was described on a monthly basis for the 2006-2013 period, for
latitudes in the 26.68° S—26.95° S range and longitudes in the 65.11° W—65.37° W range. Also, the
fluctuations, peaks and temporal profile of particle concentration and AODsso(MODIS) and
AODsso(MERRA-2), were characterized. The time profile was explored graphically, applying a loess
function with a length equal to the span of the series divided by seven (i.e., representing an annual
moving average, since 7 years of data are considered). The temporal trend was analyzed by simple
linear regression between each response variable, particle concentration or AOD and time (adjusted
R? are reported). These variables were transformed as log (variable) to stabilize the variance and to
improve the distribution of model errors.

In addition, the particle concentration trend over the studied period was also evaluated by the
Theil-Sen method [34,35]. Briefly, given a set of n (x, y) pairs, the slopes between all pairs of points
are calculated. The Theil-Sen estimate of the slope is the median of all these slopes. The advantage
of employing the Theil-Sen estimator is that it tends to yield accurate confidence intervals even with
non-normal data and heteroscedasticity (non-constant error variance). Because seasonal effects can
be important for monthly data, data is first deseasonalised by developing seasonal trend
decomposition using loess. In this way, a clearer indication of the overall trend on a monthly basis is
provided. The uncertainty in the slope is estimated by running simulations.

3.2. Cross correlation between AOD and particle concentration

Cross-correlation analysis was made between the AOD filtered series and particle concentration.
The use of filtered series avoids spurious influences arisen from autocorrelated structure of time
series, since the value of a variable X at time ty depends on the value of X at time t;. Filtered series
represent the essential variability (standard with white noise). As a consequence of this approach,
results of cross-correlation on filtered series are interpreted as the covariation between their temporal
dynamics, after controlling for auto-regressive processes. In order to obtain the corresponding
stationary filtered series, we used generalized least squares with correlation Auto-Regressive Moving
Average (ARMA) structure (1,0) for the particle concentration, and AOD series [36].

The lack of significance in the autocorrelation function (ACF), at maximum lag, was considered
as a criterion for model selection, those with non-significant errors in the ACF were selected.
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Significant cross-correlation between two series at a given lag means that the variation in the series
response (i.e., particle concentration) covaries with lagged series (thus, AOD for the given lagged
period [36]). Cross-correlations to lag 12 were selected, because the most important correlations
should occur between years. In this way our analytical approach can detect second order influences
or even those of higher order up to an annual cycle. In our case, these temporal influences depend on
atmospheric processes acting on climate at time scales larger than one month, such as seasonal or
annual effects.

3.3. Influence of climate factors on AOD and particle concentration

To assess the influence of local climate factors on particle concentration and AOD, generalized
least squares (GLS) models were applied [37—40]. These tools permit the characterization of the
structures of variance and error, which is crucial for dealing with typical autoregressive process time
series [37]. The first step in building the model was to evaluate the generalized variance inflation
factor (GVIF) adjusted by the dimension of the confidence ellipsoid (as GVIF/[1/(2*degrees of
freedom)]; [41]) from a linear model with the following factors: season, air temperature, relative
humidity, atmospheric pressure, wind speed, wind direction (circular data) and precipitation. Values
of adjusted GVIF showed that collinearity among variables is acceptable (GVIF= 1.1 to 2.9 for all
variables). Consequently, the initial model was built as:

Variable Response (particle concentration or AOD) = f(Season, Temperature, Humidity, Wind
speed, Wind direction, Precipitation) (2)

The temporal correlation structure was (1,0) for particle concentration and AOD series. The
alternative model includes a variance structure corresponding to different error variances between
seasons. This modification considers the heterogeneity of variance resulting from the different
seasons. Thus, the model accounts for deviations from homogeneity of variance [40]. To select the
model in general, the procedure of Zuur et al. (2009) was used [39]. After each run with maximum
likelihood estimates, the optimal model was selected by: (1) comparison of values of Akaike
Information Criteria (AIC; the model with the lowest AIC was selected) and (2) inspection of
residuals that were validated doing a Shapiro-Wilks test and ACF. White noise in residuals was
considered an optimal model. Once the optimal model was selected, the final adjustment was based
on restricted maximum likelihood (REML, as indicated in Zuur et al. 2009 [39]). It was applied a
generalized additive mixed model (GAMM) [42] with an autoregressive structure of order 1 and a
seasonal variance structure as in the AIC model and considering AOD as a covariable. This approach
permits an estimation of non-linear relationships (by cubic splines) between the particle
concentration and climatic variation and AOD. In this way, we detect the influence of non-linear
temporal dynamics. The model was built as:

Particle Concentration = g(Season, Temperature, Humidity, Wind speed, Wind direction,
Precipitation, AOD) 3)

All the analyses and graphics were performed in R 3.4.1 [43] using the following packages:
circular [44], Doby [45], forecast [46], ggplot2 [47], lattice Extra [48], mgcv [49], nlme [50],
openair [51] and visreg [52]. The database and R script are available upon request.
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4. Results

4.1. Series description at the regional and local scale

4.1.1.  Satellite data

Figure 1 shows AODss5o(MODIS) monthly mean maps for the studied period (September 2006 to
August 2013) over Tucuman city and its surroundings, obtained with MODIS sensor at a 3 km % 3 km
spatial resolution, with false colors indicating the intensity of aerosol events. The largest AODsso(MODIS)
values are observed from August to November, with a maximum in September-October. Relatively low
AODss5o(MODIS) values are observed from March to June. The aerosols are mainly concentrated in
Tucuman city, indicating and important influence of local sources in the load of particles to the
atmosphere. In contrast, the nearby cities show rather low values of AODss5o(MODIS) with an increment
during spring (September to December). The high AOD values measured in September-October can be
explained by the external contribution to the Tucuman city and adjacent regions, due to biomass burning
in north of Argentina, Paraguay, Bolivia and Brazil nearest regions [52,53].

Figure 2 presents the monthly mean and standard deviation of the AOD satellite data for the
September 2006—August 2013 period and for the corresponding pixel of the in-situ Tucuman city
monitoring site (26°49°53.19” S, 65°13°18.74” W). The AODss5o(MODIS) mean was 0.224 and
presented a 47.07% coefficient of variation (CV).
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Figure 2. AODs5o(MODIS) (A) and AODsso(MERRA-2) (B) monthly mean (point) = standard
error (whiskers) for the September 2006—August 2013 period for the pixel corresponding to the
Tucuman city monitoring site (26°49°53.19” S, 65°13°18.74” W).
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The analysis of temporal trend indicates that AOD series are mostly stable in the time window
considered (September 2006—August 2013; Figure 3). Coefficients of the linear trend (practically
horizontal) of the variables included in the analysis were: MODIS: R?= —0.012; F 8, = 0.001, p = 0.97,
MERRA-total AOD: R*=0.013; F, g, = 2.068, p = 0.1542; Black Carbon: R* =—0.010; F; g, = 0.209,
p = 0.6486; Organic Carbon: R%= —0.006; F; g = 0.540, p = 0.4646; Sea Salt: R?=-0.01 1; Fi8=0.08549,
p = 0.7707). However, Sulfates and Dust showed a significantly positive and slow trend through time
(Sulfates: R* = 0.038; Fy g =4.303, p = 0.04118; Dust: R* = 0.065; F 5, = 6.769, p = 0.011).
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Figure 3. Monthly average values for the September 2006—August 2013 period at the
Tucuman city monitoring site (26°49°53.19” S, 65°13°18.74” W) of particle
concentration (10° particles m ), wind speed (km per hour), wind direction (degrees),
precipitation (mm), AODsso(MODIS), total AODsso(MERRA-2), and aerosol tracers
obtained with the MERRA-2 model: sulfates, sea salt, organic carbon, black carbon and
dust. The average blue line was adjusted with a (weighted least squares) loess function,
with a span of 1/7 and confidence bands with standard error at 0.95 level. Marks on the
horizontal axis indicate January of each year.
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With respect to aerosol type data, Figure 4 presents the AOD monthly mean and standard
deviation for each type of aerosols for the studied period and for the corresponding pixel of the
in-situ Tucuman city monitoring site. As expected, during late winter and spring, when biomass
burning is more intense in the region (due to sugar cane harvest), a great increase of Organic and
Black carbon is observed. Sulfates show also a seasonal behaviour, with higher values during
summer and spring, when the temperature and radiation are higher and the formation of secondary
aerosols is greater due to atmospheric photochemical processes. Dust have a lower contribution to
the AOD in the study area and, as the sulfates, show a seasonal behavior with higher values in
summer and spring and lower in autumn and winter. The contribution of sea salt to aod is very small,
possibly from long-range atmospheric transport (Figure 4).
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Figure 4. Monthly average and standard deviation of AOD corresponding to different
type of aerosols: Sulfates (SU), Black carbon (BC), Dust, Organic Carbon (OC) and Sea
Salt (SS), obtained with the MERRA-2 model for the corresponding pixel of the in-situ
Tucuman city monitoring site (26°49°53.19” S, 65°13°18.74” W).

4.2. Comparison among measurements of particle concentration, satellite and climate data

Particle analysis collected and measured in Tucuman city showed that 95.9% of them have a
diameter smaller than 2.5 pm. The mean value of particle concentration was 2.28 x 10° particles m ° for
the whole period and presented a CV of 77.72%. Several high particle concentration values can be
observed in Figure 3 top, with the maximum value registered in March 2007 (8.71 x 10° particles m °).
Rather large seasonal variations are also observed in wind and precipitation (Figure 3).
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The monthly mean particle concentration for the studied period is presented in Figure 5, where a
significant variation in a factor of two from the minimum mean value in February (1.46 x 10°
particles m ) to the maximum mean value in September (2.97 x 10’ particles m ) was observed.
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Figure 5. Particle concentration (particle m ) monthly mean (point) + standard error
(whiskers) for the September 2006—August 2013 period for the pixel corresponding to
the Tucuman city monitoring site (26°49°53.19” S, 65°13°18.74” W).

The comparison between the monthly mean particle concentration ground data (Figure 5) and
the monthly mean AOD satellite data (Figures 2 and 4) shows that there is a rather good general
agreement in the monthly pattern of the aerosol events in the Tucuman city and nearby regions in
Spring. During Summer and the first months of Autumn some relative differences can be
distinguished between the behaviors of the AODsso(MODIS) data of Figure 2 and of the particle
concentrations obtained from the in-situ collection of aerosol samples and their analysis, as shown in
Figure 4. These differences could be due to: (a) a possible bias linked to the operational estimation of
surface reflectance by the satellite as was reported for Santiago de Chile by Escribano et al.
(2014) [13], (b) non-linear relationships between particle concentration at the local level and AOD
series. In this way, different relationships might arise depending on seasonal effects.

4.3. Temporal trend in particle concentration

A significant positive trend was observed in particle concentration throughout the studied period,
with and increase rate of 2.72 x 10" particles m > year '. The 95% confidence intervals in the trend
ranged between 1.72 x 10* to 4.10 x 10* particles m > year . This positive trend is an indication of
the increasing contamination by aerosols in Tucuman during the studied period and is a call for the
authorities to implement the required policies for protecting the population and for reducing the
aerosol emissions.

4.4. Cross correlation between AOD and particle concentration

The cross-correlation analysis between the filtered series AODssy (MODIS) and
AODsso(MERRA-2) showed a significant correlation at lag zero (» = 0.381, p < 0.05; Supplementary,
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Figure S1). However, the cross-correlation analysis between the filtered series AOD and particle
concentration showed no significant correlation at lag zero between the particle concentration and
the lagged AODsso (MODIS) (Supplementary, Figure S2). Considering this result, some sources of
uncertainties should be taken into account. First of all, ground-based particle concentration
measurements cover a limited spatial range in height, while AOD measures the total particle content
of the whole atmospheric column. Considering boundary layer height or particle altitudinal
distribution, these variables would help to reduce this uncertainty, but unfortunately no data of this
type is available for our area of study and so we cannot explore this matter further. Moreover,
ground-based particle concentration measurements have also a limited (local) spatial cover range in
the horizontal dimension [55,56]. A greater spatial resolution (of a few kilometers) of the AOD
satellite product would better represent the spatial variability of the atmospheric particles [57]. The
discrepancies in seasonal patterns between particle concentration and satellite AOD might be
attributed to the uncertainties associated with both, the used correlation model and satellite AOD
retrievals. Some studies that compare satellite AOD with AERONET AOD observations indicate that
the uncertainties in MODIS AOD are proportional to the magnitude of AOD values [33,58].
Therefore, for September and October, the months with higher AOD for the satellite sensor
considered in this study, MODIS, would present larger uncertainties.

The cross-correlation analysis between the lagged total AODsso(MERRA-2) filtered series and
particle concentration also showed no significant correlation at lag zero (Supplementary, Figure S3).
However, when the aerosol type was considered, significant cross-correlations were detected
between organic carbon series and particle concentration series at the lags 6 and 11 (Supplementary,
Figure S4); and between dust series and particle concentration series at the lags 7 and 10
(Supplementary, Figure S5).

Besides the scale problem associated to particle and AOD measurements, non-linear dynamics
might affect the relationship between AOD and particle concentration. This is not directly envisioned
by cross-correlations. However, the strong seasonal effects found on AOD series suggest that, when
seasonal conditions affect AOD values and distribution, their influence on particle concentration
measured at ground would be different depending on the season. This was then confirmed in our
non-linear analysis by GAMM (see below).

We like to point out that other works presented also non-correlation results. For example, in the
US West, Hu (2009) and Li et al. (2015) [59,60] reported that AOD poorly correlates with PM; s.
The first author considers that this difference is mainly due to the difference in terrain, AOD retrieval
algorithm and meteorological conditions. The second-authors consider that the seasonally varying
mixing height is the primary cause for the AOD and PM; s discrepancy, in particular, the low AOD
but high PM, s observed during the winter season for Western US. Moreover, van Donkelaar et al.
(2006) [61] showed that the relative vertical profile of the aerosol extinction is the most important
factor affecting the spatial relationship between the satellite and surface measurements.

4.5. Climate influence
Among the factors we compared, wind direction is the climatic variable most closely related to
particle concentration variation. In particular; the fitting of GLS models revealed that wind direction

is the most important factor, determining in general negative effects on the monthly variation in
particle concentration (Table 1A). As wind direction is measured in circular degrees (in the 0°-360°
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range); this result means that a sustained decrease in aerosol concentration is found when the local
winds rotate from the SW to the NW direction, as shown in Figure 6. Instead, the variation in
AODsso(MODIS), at the ground-based monitor location, is significantly affected by seasonality and
temperature (Table 1B). The corresponding partial regressions show large variations in each of the
variables, and probably underlying nonlinear dynamics. The most obvious effect is seasonality on the
AODsso(MODIS), notably driven by seasonality (autumn and winter changes) and temperature
(Figure 6). The AODsso(MERRA-2) variation is significantly affected by seasonality, temperature,
humidity, and precipitation (Table 1C; Figure 6).
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Figure 6. Direct influence of climatic variables and seasonality on the particle
concentration, AOD550(MODIS), and AOD-Merra2 in Tucuman city, Argentina. Wind
direction is shown in circular degrees. The observed points (partial residuals) are shown
in grey. The fitted line corresponds to the prediction from the selected GLS models and
indicates partial regressions (the slopes indicate direct relationships and depict the
magnitude of change controlling for other variables in the model).
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Table 1. Summary of selected models of generalized-least-squares on particle
concentration (A), AODsso(MODIS) (B), and AODsso(MERRA-2) (C) in San Miguel de
Tucuman city. Each model reflects the best representation of the influence of local
climatic factors on the particle concentration and AOD considering the autoregressive
structure. See Methods for details. Significant explanatory variables are depicted in bold.

A. Particle concentration

Parameter Estimate SE T p
Intercept 17.1044 3.275 5.223 <0.0001
Autumn —0.0531 0.432 —0.123 0.9025
Winter 0.4600 0.567 —0.811 0.4198
Spring 0.4311 0.338 1.274 0.2066
Temperature 0.0023 0.042 0.545 0.5871
Humidity 0.0057 0.024 0.231 0.8176
Wind direction —-0.0112 0.005 -2.216 0.0297
Wind velocity —0.2405 0.144 —1.665 0.1000
Precipitation —0.0031 0.002 —1.464 0.1473

+ Model: log(particle concentration) ~ f(season, temperature, humidity, wind direction, wind velocity, precipitation)

Correlation Structure: AR(1), ¢; ~ 0, where AR(1) indicates an autorregresive process of order 1; and ¢, is the

corresponding parameter.

B. AODsso (MODIS) 1+

Parameter Estimate SE T p

Intercept 0.1124 0.253 0.444 0.6586
Autumn 0.1124 0.036 3.165 0.0022
Winter 0.0980 0.043 2.283 0.0252
Spring 0.0469 0.037 1.285 0.2026
Temperature 0.0050 0.002 2.086 0.0404
Humidity —0.0008 0.002 —0.378 0.7063
Wind direction —0.0006 0.0004 —1.662 0.1006
Wind velocity 0.0124 0.012 1.080 0.2837
Precipitation 0.00002 0.0002 0.123 0.9026

11 Model: log(AOD:ssg) ~ f(season, temperature, humidity, wind direction, wind velocity, precipitation)
Correlation Structure: ARMA(L,0), ¢; = 0.204, where ARMA(1,0) indicates an autorregresive process of order AR(1),

and ¢, is the corresponding parameter.
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C. AODsso(MERRA-2) 17

Parameter Estimate SE T p

Intercept 0.2222 0.0665 3.342 0.0013
Autumn —0.0033 0.0067 —0.490 0.6254
Winter 0.0396 0.0164 2.423 0.0178
Spring 0.0295 0.0103 2.873 0.0053
Temperature 0.0027 0.0007 3.750 0.0003
Humidity -0.0016 0.0005 —-3.090 0.0028
Wind direction —0.0002 0.0001 —1.906 0.0605
Wind velocity —0.0007 0.0020 —0.326 0.7452
Precipitation 0.00008 0.00003 2.475 0.0156

11 Model: log(AODsso(MERRA-2)) ~ f(season, temperature, humidity, wind direction, wind velocity, precipitation)
Correlation Structure: ARMAC(1,0), ¢; = 0.127, where ARMA(1,0) indicates an autorregresive process of order AR(1),

and ¢, is the corresponding parameter.

When the type of the aerosol was considered, we detected that the variation in sulfates was
significantly affected by temperature (estimate = 0.0014, SE = 0.0003, 7 = 4.251, p = 0.0001),
humidity (estimate = 0.0006, SE = 0.0002, 7= 3.198, p = 0.0020), precipitation (estimate = 0.00004,
SE =0.00002, 7=2.070, p = 0.0419) and wind direction (estimate =—0.0001, SE = 0.00004, 7'=—2.550,
p = 0.0128). In the case of sea salt, their variation was explained by seasonal autumn effects
(estimate = —0.0027, SE = 0.0007, 7= —3.873, p = 0.0002), and humidity effects (estimate = 0.0001,
SE =0.00004, T=2.177, p = 0.0326). The variation in organic carbon was significantly affected by
seasonal effects in winter (estimate = 0.0348, SE = 0.0124, T = 2.805, p = 0.0064) and spring
(estimate = 0.0267, SE = 0.0087, T = 3.066, p = 0.0030). Also, the variation in organic carbon was
affected by temperature (estimate = 0.0012, SE = 0.0003, T = 3.854, p = 0.0002), humidity
(estimate = —0.0015, SE = 0.0003, 7'= —5.236, p < 0.0001), precipitation (estimate = 0.00003,
SE =0.00002, 7= 2.148, p = 0.0349), and wind velocity (estimate = —0.0025, SE = 0.0011, 7= -2.179,
p = 0.0325). The variation in black carbon was also explained by seasonal effects in winter
(estimate = 0.0081, SE = 0.0026, 7= 3.087, p = 0.0028) and spring (estimate = 0.0052, SE = 0.0017,
T=13.139, p = 0.0024), and by humidity effects (estimate = —0.0003, SE = 0.0001, 7 = —6.048,
p <0.0001). Finally, the variation in dust was affected by humidity (estimate = —0.0002, SE = 0.0001,
T=-2.039, p = 0.0450). In summary, sulfates and sea salt were affected in a different way compared
with carbon and dust. These different ways involve a notable seasonal effect, revealed also by the
previous analyses, and the prevalent effects of climatic factors.

The fitting of GAM models revealed that AODsso(MODIS) marginally affected the variation in
particle concentration in a nonlinear way described by the s(MODIS, 1.87) residual function in
Figure 7, where MODIS stands for AODsso(MODIS) and 1.87 corresponds to the degrees of freedom
(F1 =4.097, p = 0.0514). Concerning the slope of the AODss5o(MODIS), for values lower than 0.1 the
relationship between this value and the particle concentration was negative and with high variability,
while at values of AODsso(MODIS) higher than 0.3, this relationship was positive and with minor
variability. In the case of AODsso(MERRA-2) series, non-linear effects on particle concentration
were not significant (F; = 1.684, p = 0.1984). This result, together with the results from GLS models,
support that AODsso(MODIS) influences particle concentration variation by means of nonlinear
dynamics driven by seasonality.
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Figure 7. Estimated regression line with standard errors (broken lines) for the generalized
additive mixed model for the influence of AOD550(MODIS) on particle concentration. The
fitted line corresponds to partial regression (values on the vertical axis are residuals). Note
the nonlinear effects of AODS50(MODIS) on particle concentration regardless of other
factors (temperature, humidity, wind direction, wind velocity and precipitation).

5. Discussion and conclusions

This is the first study on the dynamics of atmospheric aerosols carried out for San Miguel de
Tucuman city (Argentina Northwest) and its surrounding region, during a period of seven years. The
results reveal that the aerosols, mainly dominated by small particles (<2.5 pm?®), depend mainly on
climatic variables and human activities, which jointly contribute to the occurrence of a seasonal pattern in
aerosol behavior in the place. In addition, the mean particle concentration shows a positive trend in the
studied period. The space-time distribution of aerosols on a monthly basis at the regional scale depicts a
sustained seasonal pattern of aerosol particles. A similar seasonal behavior is also observed for the
particle concentration measured in-situ at the Tucuman city site. The seasonal effect is especially
important for spring time, where anthropogenic aerosols related to the sugar cane activity increase. The
importance of burning biomass in the atmospheric aerosol charge during sugar cane harvest is also
evidenced by the large increase in Organic and Black Carbon during late winter and spring.

Given the environmental relevance of the atmospheric aerosols and their effect on human health,
the significant trend in particle concentration deserves attention in terms of air monitoring and
particle analysis. These near surface aerosols in San Miguel de Tucuman city are linked with the dry
season (winter-spring), which is also the period when increased manufacturing activity takes place in
Tucuman Province [22]. On the other hand, the lowest aerosol levels occur at the end of summer and
beginnings of autumn, when sulfates are the dominant component of AOD. At the end of winter, the
practice of sugarcane and citrus plants debris burning is very usual [23,62] and contributes to the
load of solid particles to the atmosphere, among which organic carbon and carbon black particles
predominate. Previous studies in this region [22] showed that the Aerosol Index (IA) increases
strongly in the dry period and the aerosol particles deposited on plants leaves affect photosynthesis,
with a negative impact of between 15% and 44%, depending on the considered species.

Large variations in the mean monthly particle concentration, as well as the occurrence of peak
values, may be associated with sporadic dry and warm regional winds, locally called zonda or
argentinean wind, that drag many atmospheric particles to the Tucuman region [26]. This premise is
also supported by the fact that winds from west direction are more variable. Consequently, wind
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direction and speed influence particle concentration at the local scale, while the AOD series was
significantly affected by seasonality, and temperature. Since Tucuman city is placed in a valley (mean
altitude of 450 m a.s.] and in the vicinity of a high slope West mountain of 625 m/km) the distribution,
accumulation and deposition of solid particles is indirectly influenced by topography, which
determines the speed and direction of winds and temperature. Future studies will focus on the aerosol
characterization to evaluate whether there are new sources of aerosols in the region in addition to those
reported in the mentioned bibliography and the MERRA-2 model. Altogether, our study remarks the
importance of considering monitoring schemes at the local level in correspondence with remote
sensing data, in order to obtain a deeper understanding of the atmospheric aerosols space-time
dynamics. Also, the determinant climatic and anthropogenic factors on aerosol concentration and their
environmental consequences should be a central focus of research in order to improve health
policies [10,63,64]. A more detailed analysis on wind and space-time variation of aerosol dynamics
of higher order over the region will be the focus of future research, in order to better understand the
dynamics of aerosols in this region and the potential predictive value of satellite data.

The importance of the results presented in this work and the future research is in consonance with
the 2016 World Health Organization Report [64] which emphasizes that: air pollution—both ambient
(outdoor) and household (indoor)—is the biggest environmental risk to health, carrying responsibility for
about one in every nine deaths annually. Ambient (outdoor) air pollution alone kills around 3 million
people each year, mainly from non-communicable diseases. Only one person in ten lives in a city that
complies with the WHO Air quality guidelines. Air pollution continues to rise at an alarming rate and
affects economies and people’s quality of life; it is a public health emergency. Since San Miguel de
Tucuman and nearby cities do not have an official air pollution measurement system that can detect
significant contamination episodes, the present (ground and satellite) results done for particulate matter
(one of the main components of air pollution) will be provided to the cities and province authorities, in
order that they can take appropriate protection measures for their human populations.
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