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Abstract
Air pollution assessment in the Tropical Andes requires a multidisciplinary approach. This can be supported from the
understanding of the underlying biological dynamics and atmospheric behavior, to the mathematical approach for the proper
use of all available information. This review paper touches on several aspects in which mathematical models can help to
solve challenging problems regarding air pollution in reviewing the state-of-the-art at the global level and assessing the
corresponding state of development as applied to the Tropical Andes. We address the complexities and challenges that
modelling atmospheric dynamics in a mega-diverse region with abrupt topography entails. Understanding the relevance
of monitoring and facing the problems of data scarcity, we call attention to the usefulness of data assimilation for
uncertainty reduction, and how these techniques could help tackle the scarcity of regional monitoring networks to accelerate
the implementation and development of modelling systems for air quality in the Tropical Andes. Finally, we suggest a
cyberphysical framework for decision-making processes based on the data assimilation of chemical transport models, the
forecast of scenarios, and their use in regulation and policy making.
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Introduction

The Tropical Andean countries (Venezuela, Colombia,
Ecuador, Peru, and Bolivia) face deteriorating air quality.
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Their two megacities (Bogotá and Lima), and their corre-
sponding countries, rank in the top 50 most polluted capital
cities and countries of the world (Air Quality Index 2018),
respectively. Most of the large cities in the region exceed the
annual average PM2.5 World Health Organization guideline
of 10 μg/m3 (WHO 2016). The peculiar topography (such
as abrupt elevation changes, with narrow inter-mountain
valleys over 1000 m deep, and transitions from sea level
to over 5000 m in less than 200 km) and environmen-
tal conditions of the region (such as the bi-annual transit
of the Inter Tropical Convergence Zone, and the irregu-
lar behavior of the El Niño Southern Oscillation) generate
atmospheric conditions that impoverish air quality. Grow-
ing urban populations across the region are increasingly
exposed to deteriorating air quality. The availability of mon-
itoring stations for atmospheric pollutants in the region
is limited. The geographical singularities of the Tropical
Andean Region (TAR) present phenomenal challenges for
modelling atmospheric chemical dynamics.

Air pollution modelling addresses complex systems.
The questions pursued may range from understanding
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broad-scale regional teleconnections through atmospheric
transport (Yim et al. 2019) to providing estimates of day-to-
day human exposure to atmospheric contaminants (Soares
et al. 2014). The questions may also aim to understand
nutrient balances and ecosystem integrity (Makowski et al.
2013; Duce et al. 2008; Boy et al. 2008), or they may
look towards assessing the loss in agricultural production
(Van Dingenen et al. 2009; Feng et al. 2019) due to
plant’s exposure to ground-level ozone (Silva and Heald
2018). Each one of those questions unveils new layers of
complexity, each with its own modelling needs.

Atmospheric pollution in the TAR due to anthropogenic
activities has been affecting local ecosystems since early
colonial times (Uglietti et al. 2015; Hagan et al. 2011),
reflecting dynamics of economic activity (Bandowe et al.
2018; Cooke et al. 2009). Pollutants deriving from domestic
burning in the region can have local impacts with
widespread consequences, such as the increase in melting
of glaciers (Schmitt et al. 2015). Regional transport of
contaminants can link distant locations, as exemplified by
the affectations in air quality in major Colombian cities
from fires in the Eastern savannahs of the country (Mendez-
Espinosa et al. 2019), or the transboundary transport of
particulate matter into Colombia from Venezuelan fires
(Hernandez et al. 2019). Similarly, air quality in the
Southern realm of the TAR can be strongly affected by
fire activity in Southern Amazonia, a region responsible
for 50–75% of fire-derived particulates in South America
(Reddington et al. 2015) and whose particulates can deposit
over the remote Pacific Ocean up to 4000 km away from the
South American coast (Bourgeois et al. 2015).

A wave of air quality crises in the TAR are giving rise
to a surging effort to implement and develop modelling and
forecasting strategies to support air quality management and
public policy to protect human, agricultural, and ecosystem
health. This paper provides a critical review on the need
for modelling and understanding dynamics at several scales
based on the special dynamics in the TAR. To assess
the state of air quality studies in the TAR, we compiled
the indexed scientific literature retrieved by searching
the SCOPUS database with the query “TITLE-ABS-KEY
((atmospheric AND pollution) OR (air AND quality) OR
(chemical AND transport AND model)) AND TITLE-ABS-
KEY (andes OR colombia OR venezuela OR ecuador OR
peru OR bolivia),” which resulted in 607 matches. Manual
curation of the results to exclude works outside of the
geographic scope or subject of interest yielded 224 articles
and 42 conference papers in English (217) or Spanish (49)
spanning from 1977 up to January 31, 2020. Of the works
represented in the publications, 118 were conducted in or
focused on Colombia, 48 on Peru, 38 on Venezuela, 34
on Ecuador, and 18 on Bolivia, with the remaining 10
having a multi-country or regional scope. Of these works,

only 25 involved mathematical modelling specific to the
TAR. None of them included data assimilation into their
modelling schemes. We present a brief summary of the
state of the air quality modelling in the region, followed
by a brief recounting of data assimilation, looking for
the understanding on the mathematical techniques and
offering the possibility to tackle via mathematical and
computational approaches, some of the challenges for air
pollution assessment and prediction. Finally, a decision-
making process based on the human in the loop concept
from control and systems theory is presented, offering the
possibility to integrate all the scientific and technical areas
looking for the consolidation of a community around the
proper policy and regulations on the subject of air pollution.

Air quality modelling

Mathematical models let humans apprehend the dynamics
of the natural world. Numerical weather modelling, and
the forecasting it enables, has been hailed by renown
meteorologist Cliff Mass as one of the great human
achievements of the twentieth century ((Mass 2014); for
evidence supporting such a grand claim, see figure 6.4.3
of Owens and Hewson (2018)). Chemical transport models
(CTM) are mathematical representations of the reactions
and processes that form, transform, and transport pollutants
in the atmosphere. They are the workhorse of air quality
modelling. CTM require initial and boundary conditions to
reproduce reality accurately. The former depends mainly
on the emissions inventory and land use/land cover data.
The latter, provided by means of numerical weather models,
offer information of the dominant physical processes in
the atmosphere. Numerical models that combine weather
forecasting and atmospheric chemistry are referred to as
chemical weather forecasting models (CWFM). Studies in
air pollution combine information from sensors, models,
epidemiology, and emissions inventories.

Atmospheric pollution modelling efforts in Latin Amer-
ica have been pioneered by the Brazilian (Orsini et al.
1967; Andrade et al. 1994; Montero et al. 2001; Ulke and
Andrade 2001; Sȧnchez-Ccoyllo and De Fátima Andrade
2002; Vivanco and Andrade 2006; de Miranda et al. 2012)
and Chilean communities (Schmitz 2005), with most of the
studies available to date focused on urban areas, and par-
ticularly in megacities such as São Paulo, Rio de Janeiro,
Santiago de Chile, and Mexico City (Emmons et al. 2010).
One example is the METROCLIMA MASP, an initiative
of the São Paulo Metropolitan Area jointly tracking cli-
mate change and air quality. The scope of the project is in
consonance with state-of-art research performed by inter-
national groups and the one recommended by the World
Meteorological Organization through the use of local mea-
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surements, satellite information, and atmospheric modelling
for estimating the impact of the urban emission of climate
pollutants.

The use of models in air pollution studies in Latin Amer-
ica at different resolutions is a positioned methodology.
Another example is the research on fine particulate matter
air pollution in the urban environment of São Paulo: relative
contribution of regional wildfire and local transportation
sources. The project aims to build a numerical modelling
framework to understand the source of air pollution in
the megacity of São Paulo (with possible later application
to other megacities such as Houston). A novel ultra-high-
resolution of regional chemistry transport model simulation
for State of São Paulo region, with a three-box nested frame-
work, will be developed. Specifically, the model set-up is
with an outer domain to cover a large part of southern Brazil
at 30 km resolution, an inner domain to cover the state of
São Paulo at 10 km resolution, and the most inner to cover
the city of São Paulo with 2.5 km resolution. The project is
aiming to carefully design the balance of domain size and
domain resolution with the explicit goal of attributing local
and remote sources. The model simulations will be evalu-
ated against the local chemical measurement obtained by the
USP PI (Nogueira et al. 2020).

The first published air quality modelling study in the
TAR focused on the Colombian region of the Aburrá Valley
(Toro et al. 2006), the second largest population center
in the country encompassing the city of Medellı́n and
nine additional con-urban municipalities. The cited study
used the EUMAC Zooming Model (EZM (Moussiopoulos
1995) to explore the changes in O3 concentrations around
Medellı́n in response to changes in the two main ozone
precursors, NOx and Volatile Organic Compounds (VOC).
While the work represents a pioneering attempt at modelling
in the TA, the authors conclusions regarding increases in
VOC as a potential mitigating strategy to ozone formation
are in contrast to more recent assessments of the dynamics
between NOx and VOC in other regions (e.g., Wang et al.
(2019). Renewed efforts to implement CTM for the Aburrá
Valley aim to provide tools for air quality management
at urban (e.g., Rendón et al. (2017) and Rodriguez et al.
(2017)) and regional (e.g., Pinel et al. (2017)) scales.

The US EPA’s atmospheric dispersion model AERMOD
has been used to assess the transport dynamics of particulate
matter originating from open pit mines in Colombia
(Huertas et al. 2012, 2014), and to evaluate the potential
historical human exposure to atmospheric mercury resulting
from metalliferous mining in Peru (Robins et al. 2012). The
AERMOD modelling system does not include atmospheric
chemical reactions. Thus, it is only of limited applicability
to local and regional air quality modelling.

Most of the atmospheric modelling efforts in the
TAR have applied the Weather Research and Forecasting

(WRF) model with its atmospheric chemistry module
(WRF-Chem), in conjunction with the EDGAR (Emis-
sions Database for Global Atmospheric Research) emis-
sions inventory. The earliest published use of WRF-Chem
specifically in the TAR addressed the potential implications
for tropospheric ozone concentrations around Quito from
the isoprene emissions of oil palm plantations (Parra 2008).
WRF-Chem has been employed for simulating the behav-
ior of PM10 over the Bogotá metropolitan area (Kumar
et al. 2016). In this case, results persistently underesti-
mated by an order of magnitude the PM10 concentrations
relative to the available measurements. The model WRF-
Chem has also been applied to studding the behavior of
O3 over the medium-size, mountain city of Manizales
(González et al. 2018) at a horizontal resolution of 1 km.
The study compared the performance of the model using the
EDGAR emissions inventory and a high-resolution emis-
sion inventory previously developed (Gonzalez et al. 2017),
obtaining better results with the latter. WRF-Chem has also
been applied to studies of carbon monoxide dynamics over
Quito under different boundary layer schemes, achieving
an agreement with measurements on up to 79% of the
days within the simulation (Parra 2017). Similarly, WRF-
Chem has been used in Ecuador to assess the dynamics of
atmospheric contaminants in Cuenca (Parra 2018a), and of
volcanic ash (Parra 2018b), both under various atmospheric
boundary layer schemes. Lastly, the atmospheric dynam-
ics of particulate matter in Bogotá have been modelled
(Nedbor-Gross et al. 2018) with the Community Multi-scale
Air Quality (CMAQ) chemical transport model (LeDuc and
Fine 2002), implementing a locally constructed emissions
inventory (Pachón et al. 2018). Despite the many efforts at
the use of CTMs for studying air quality dynamics in the
TAR, none of the published works assimilated available data
in order to improve the performance of the models.

From sensors to humans

In the TAR, the vast majority of air quality monitoring
stations are located inside urban areas. While they
provide information on the general state of air quality,
they are designed to monitor concentrations at spatial
resolutions that are too coarse for assessing direct human
exposure to contamination. For instance, the primary
air quality monitoring stations in the urban area of
Medellı́n (Colombia) and its con-urban municipalities
consists of 19 PM2.5 monitoring stations, at an average
density of 8.25 km2 over the entire area of the 10
municipalities. The integration of atmospheric pollutant
data into CTM through data assimilation strengthens the
ability to understand local and regional dynamics and fill
in the gaps in spatial coverage (Andersson et al. 2007;
Beltman et al. 2013; Hendriks et al. 2013). Even so, the
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results exist in scales that do not yet explore the interaction
human-contaminant.

Epidemiological studies provide insights into the impact
that exposure to atmospheric contaminants has on human
health. The epidemiological study of disease burden is a
established method for understanding the impact of air
pollution (Burnett et al. 2018; WHO 2016; Nasari et al.
2016). In the TAR, disease burden from air pollution in four
Colombian cities was evaluated using ecological timelines
and disease rates (Rodriguez-Villamizar et al. 2018). The
incidence of acute respiratory illness in children from Quito
was also evaluated in response to changes in air quality
management policies (Estrella et al. 2019).

An approach complementary to epidemiological studies
is presented by exposure models, which aim to link the
fields of atmospheric modelling and environmental health.
They recognize that the concentration of atmospheric
contaminants may vary significantly in a matter of tens of
meters. Exposure models may begin by refining the spatial
estimates of contaminants through land use regression
models (LURM (Briggs et al. 1997); reviewed by (Ryan
and Lemasters 2007; Hoek et al. 2008; Amini et al. 2017b).
Parting from high-resolution spatial urban data, LURM
have been variously used for estimating potential exposure
levels to NOx (Kryza et al. 2011; Beelen et al. 2013;
Wu et al. 2017), particulate matter (Eeftens et al. 2012;
Habermann et al. 2015; Zhang et al. 2015), ultra-fine
particles (Weichenthal et al. 2016; Van Nunen et al. 2017),
organic volatiles (Amini et al. 2017a), and black carbon
(Sanchez et al. 2018). A LURM was used to interpret the
regional PM2.5 concentration patterns between 2011 and
2014 (Londoño-Ciro and Cañón-Barriga 2018).

With high-resolution, spatially explicit data or estimates
on contaminant concentration, exposure models can inte-
grate human activity to approach estimates of daily exposure
(Soares et al. 2014; Breen et al. 2015). Exposure models
such as the one developed for Helsinki (Soares et al. 2014)
exemplify the value in the integration of multiple sources
of data to construct a model that connects dimensions span-
ning from atmospheric processes to human behavior. These
type of models also highlight the need for solid data fusion
approaches that may permit the integration of data from
disparate sources.

Uncertainties and inaccuracies

Uncertainty in large-scale models, specially CTM, is a very
complicated issue. Uncertainty may be reduced by increas-
ing the accuracy of initial conditions, such as accurate rep-
resentations of land cover or updated emissions inventories.
The historical institutional weaknesses in TAR have delayed
the availability of accurate inventories, especially at national

scales. Several efforts in Latin America arose few years ago
but they are still under development. Even under the ide-
alistic scenario where state-of-the-art emissions inventories
are available, population increases and changes in economic
activities require that inventories be updated frequently.
Consequently, uncertainty may be reduced, but never elim-
inated. Before describing approaches for adapting the mod-
els to the uncertainties inherent in the system through
data assimilation in “Data assimilation of complex models
and the lack of sensor networks in the Tropical Andes,”
we first address the situation of model and inventories
uncertainties in the TAR.

Emissions inventories

Chemical transport models rely on up-to-date emission
inventories for accurate reproduction of pollutant concen-
trations. While the majority of the available reports of
atmospheric pollution modelling in the region rely on global
emissions inventories (e.g., Crippa et al. (2012)), the work
on the Colombian city of Manizales highlighted the rele-
vance of using locally refined inventories (González et al.
2018).

Sources of atmospheric contaminants in TAR include
the expected ones: industry, transportation, fires, and
agriculture. While improving constantly, accounting efforts
still suffer from imperfect records and loose regulatory
oversight. Furthermore, illegal mining and illegal drug
production are sources of pollutants that escape official
inventories, and that must be incorporated into detailed
inventories.

Interest in updating emissions inventories for Latin
America gave life to the international project PAPILA
(Prediction of Air Pollution in Latin America and the
Caribbean). One of the developments expected from the
project is the refinement of emissions inventories through
coupling of high-resolution satellite data, such as the
one being generated by the TROPOspheric Monitoring
Instrument (TROPOMI) aboard the Copernicus Sentinel-
5 Precursor satellite; with detailed Land Cover/Land
Use (LULC). This approach will help fill the gap on
emissions inventories related to activities that escape official
accounting, such as illegal mining, but also highlight novel
regional sources that hitherto have escaped monitoring
attention.

Anthropogenic emissions inventories deficiencies are the
main weakness for air quality simulations in the TAR,
but additional knowledge gaps of potentially significant
importance remain. One source of nitrogenous emissions
rarely incorporated in air quality modelling is the nitrogen
generated by lightning discharges. Lake Maracaibo in
Venezuela ranks as the site with the largest number
of lighting strikes per year, according to NASA global
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lighting flash rate estimates (http://svs.gsfc.nasa.gov/3144).
The same analysis lists three sites in Colombia among
the top ten, which makes the TAR the region with the
second highest lighting flash densities, after the Congo
Basin. Refinements in lighting models and the associated
tropospheric chemistry using satellite NO2 observations
give an estimate of 9 Tg of N produced globally by
lighting each year (Nault et al. 2017). Recent advances
in lighting parameterizations in the WRF-Chem model
improve the correspondence between estimated NO2

column concentrations and aircraft-acquired tropospheric
NO2 measurements over the USA (Zhu et al. 2019).
The incorporation of lighting-derived chemistry into CTM
simulations can lead to significant changes in atmospheric
concentration estimates of ozone (Liaskos et al. 2015),
particularly over the tropics. Despite the potentially
limited importance for simulations aimed at air quality
management, proper accounting of NOx generated by
lighting in the tropics can be of great impact for studies
aimed at understanding nitrogen fluxes in the TAR, as recent
TROPOMI NO2 data suggests (personal observations).

Modelling biogenic emissions Emissions by plants and
soils are a significant source of natural, biogenic emissions
of volatile organic compounds (BVOCs, mainly from plant
species) and nitrogen oxides (NO and N2O, mainly from
soils). VOCs play a central role in the formation of ground
level ozone (O3) (Monks et al. 2015) and secondary
particulate matter (Carlton et al. 2009; Kurtén et al. 2011;
Bianchi et al. 2016). Biogenic emissions can impact air
quality significantly at local and regional scales (Ma et al.
2019; Wang et al. 2019, Mo et al. 2018; Zhang et al.
2017; Sartelet et al. 2012; Steinbrecher et al. 2009). Not
surprisingly, the choice of biogenic emissions model can has
considerable impacts in the pollution patterns produced by
CTM simulations (Jiang et al. 2019).

Isoprene is the main VOC emitted by plants, which
contributes over 0.5 Pg of carbon to the global annual
carbon budget (Arneth et al. 2008; Guenther et al. 2012).
Isoprene production is a stress response trait that enhances
photo-chemical efficiency and protects plants against
oxidative damage (Pollastri et al. 2014). Among tropical tree
and liana species, the ability to emit isoprene is associated
with increased temperature ranges for photosynthetic
activity (Taylor et al. 2019). Nearly 20% of all perennial
plant species are estimated to be isoprene producers (Loreto
and Fineschi 2015), a fraction that could reach up to
40% among tropical tree species (Harley et al. 2004).
Tropical biomes are one of the main sources of isoprene
and other BVOC (Henrot et al. 2017). Isoprene emission
dynamics is a key aspect of BVOC modelling in scenarios
of air pollution under climate change, since peak isoprene
emissions are associated with drought periods and other

events of environmental stress. Agricultural transformations
may also impact isoprene emission dynamics in the TAR;
using WRF-Chem, Parra (2008) showed the potentially
heavy impact in ozone formation in the Quito (Ecuador) and
its Metropolitan District due to isoprene emission scenarios
associated with the expansion of oil palm plantations.

The primary source for biogenic emissions data used in
CTM simulations is the Model of Emissions of Gases and
Aerosols from Nature (MEGAN) (Guenther et al. 2006).
MEGAN’s most current published version is 2.1 (Guenther
et al. 2012). (The site https://bai.ess.uci.edu/megan/history
indicates that MEGAN 3.0 beta code is available upon
request). MEGAN is a modelling framework that provides
fluxes for 147 compounds in 19 categories (Guenther et al.
2012). MEGAN has been used to estimate the global
fluxes of non-methane BVOC (Sindelarova et al. 2014). It
has been integrated into LOTOS-EUROS (Manders et al.
2017), ECHAM6-HAMMOZ (Henrot et al. 2017), and
MOZART-4 (Emmons et al. 2010), among many other
CTM and Earth System Models. It is capable of spatial
resolutions of up to 1 × 1 km, and species resolution that
the user may chose at the individual species level (when
available), to Plant Functional Types. CTM may improve
on the flux estimates provided by MEGAN by adopting
regionally specific models, such as the Europe-specific
isoprene database (Beltman et al. 2013) used by LOTOS-
EUROS for simulations over that continent (Manders et al.
2017). While detailed information is broadly available for
temperate forests, for “tropical forests isoprene emission
factors are based primarily on above canopy measurements
due to the high species diversity” (Guenther et al. 2012).

Tropical rainforests are zonally heterogenous. The
Amazon River Basin is estimated to contain over 16,000
different species of trees, and while just 227 of these
accounted for nearly 50% of all trees, most of these
“hyperdominant” species are dominant in only one of
the five different regions distinguished within the Basin
(ter Steege et al. 2013). The ability to tolerate seasonal
drought is a major determinant in tree species distribution
in the Neotropics (Esquivel-Muelbert et al. 2017), likely
as a result of the capacity to emit isoprene in response
to drought stress. Isoprene emission has been shown
to be a key determinant in community structuring in
tropical ecosystems (Taylor et al. 2018), and may confer a
competitive advantage in scenarios of future climate change
(Taylor et al. 2019).

Recent studies applying DA in CTM are trying to use
satellite data to constrain BVOC fluxes to improve model
performance (Worden et al. 2019). While isoprene cannot
be directly observed by satellites, refinement of its emission
dynamics can be accomplished through data assimilation
(inverse analysis) of satellite observations of formaldehyde
(HCHO), one of its primary oxidation products (Kaiser
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et al. 2018). Because of the complex chemistry between iso-
prene and NOx, concurrent satellite observations of NOx
and formaldehyde are needed to reduce biases in the esti-
mations. Because biogenic emissions reflect physiological
responses from the vegetation to environmental conditions,
further improvements in BVOC fluxes can be achieved
through data assimilation of meteorological satellite data
into CTM, such as cloud location data (Zhang et al. 2018)
or the amount of photosynthetically active radiation (PAR)
reaching the surface (Zhang et al. 2017, 2018). Improve-
ments in estimates of biogenic emissions can refine not only
CTM simulations but also climate change studies, as BVOC
can contribute to the atmospheric concentrations of carbon
monoxide and tropospheric ozone.

The TA region is rich in ecosystem diversity. It hosts
the Chocó-Darién and the Tropical Andes bioregions,
two of the world’s 25 biodiversity hot spots (Myers
et al. 2000). Colombia alone recognizes 98 different
general ecosystems, composed of over 8000 distinct biotic
communities. It follows then that the first need in adapting
CTM to the TA region is the recognition of the need for
higher resolution in land cover categorization, and biogenic
emission parameterization. For instance, the European
Space Agency’s Climate Change Initiative Land Cover
product (Defourny et al. 2016) contains 38 categories based
mostly on broad functional types. It contains no information
regarding ecosystem-specific characteristics. Furthermore,
once it is used as an input into a CTM, these categories
are reduced to even fewer, broader types (9, in the case
of LOTOS-EUROS). The diversity of ecosystem processes
must be better portrayed in CTM in order to improve model
performance in the TA and to afford proper recognition of
the most relevant contributors to air pollutants.

Regionally cognizant databases and modelling frame-
works are beginning to emerge (see for instance the BIGA
initiative, and the associated characterization of VOC emis-
sions in the city of Manizales (Dı́az-Poveda 2019); see also
Bolaño-Ortiz et al. (2015)); BVOC inventories had been
produced for the city of Medellı́n (Toro et al. 2001), but they
were constructed based on coarse land use categories and
emission factors obtained from BEIS). Resources that fully
integrate the particularities of BVOC emissions of tropical
ecosystems into CTM and other air quality modelling efforts
are sorely missing. While they are necessary to understand
not only atmospheric chemistry but also ecosystem dynam-
ics in the tropics, their construction will require time and
resource. A lot of ground and speed could be gained by
the deployment of sensors in strategic, periurban areas that
monitor the ecotones surrounding urban areas, and through
assimilation of the generated data into the models, start
dissecting the dynamics of air quality in tropical systems.

Model evaluation andmodel ensembles

Established atmospheric modelling communities have come
to adopt the combination of model results as the preferred
approach, embracing a statistical representation of the
ensemble to approximate the simulated reality. Ensembles
of models can be constructed from a single model
run with variations in its initial conditions, or more
commonly in atmospheric modelling, from several similar
models simulating the same situation (Galmarini et al.
2004). Multimodel ensembles (MME) are now a standard
practice in climate modelling, as reviewed by Tebaldi and
Knutti (2007). Mathematical formalism for representing
ensembles, as well as techniques for finding optimal linear
combinations of the results, has been developed (Potempski
and Galmarini 2009). The construction of MME has evolved
from simply averaging simulation results, as it has been
shown that in such a scenario, the combination of the full
set of models can be outperformed by specific combination
of subsets (composition effect) (Solazzo et al. 2012b). More
sophisticated approaches based on spectral decomposition
and extraction of the best components from the member
models have demonstrated the ability to reduce bias and
reduce forecast error (Galmarini et al. 2013). MME are
currently used for air quality forecasting in the European
continent (Marėcal et al. 2015), using an ensemble of
seven state-of-the-art regional CTM. The ensemble provides
up to 96-h forecasts for the ten most pertinent chemical
species at horizontal resolutions of 10–20 km. Similar to
the observation by Solazzo et al. (2012b), the evaluation
of the MME forecast system conducted by Marėcal et al.
(2015) at the end of MACC-II (2014) showed that individual
models could still outperform the ensemble. Kioutsioukis
and Galmarani (2014) introduced a set of “best practices”
in the construction of MME, for which they considered the
concepts of ensemble diversity and accuracy. A beautiful
development of MME was presented by the proposal of
two-scale MME schemes that combine global and regional
air quality MME (Galmarini et al. 2018), that implemented
spectral decomposition and component selection among
the individual model results. The hybrid approach resulted
in improvements in accuracy over the mono-scale MME
(13% over global MME, and 2–3% over regional MME).
The authors attribute these improvements to the different
strengths of ways in which global and regional models
represent atmospheric processes.

Multimodel performance evaluations are frequently con-
ducted by large international consortia. For example, under
European Cooperation in Science and Technology (COST)
ES0602 action, eighteen operational chemical weather fore-
casting models on regional and continental scales in Europe
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are described and compared in 2012 (Kukkonen et al. 2012).
This evaluation included discussions on the entire spec-
trum of air quality modelling, from how weather forecasting
and atmospheric chemistry models were integrated into
chemical weather forecasting systems, through strategies
for conducting sensitivity analysis and model performance
evaluation.

Perhaps the most famous model intercomparison and
evaluation effort is the Air Quality Model Evaluation Inter-
national Initiative, or AQMEII (Rao et al. 2011), focused
on model performance over Europe and North America fol-
lowing the model evaluation framework proposed by Dennis
et al. (2010). On its initial phase, ten state-of-the-science
regional air quality (AQ) modelling systems were used for
simulating the entire 2006. Standardized modelling out-
puts from each of the seventeen participating groups were
made available on the web-distributed ENSEMBLE system,
which allowed statistical and ensemble analyses to be per-
formed by the greater community. As would be the case for
the subsequent phases, in Solazzo et al. (2012a), the 1-year
model simulations are inter-compared and evaluated with a
large set of observations for ground-level particulate mat-
ter (PM10 and PM2.5), as well as its chemical precursors
such as SO2 and NO2. Analyses of PM10 yearly time series
and mean diurnal cycle showed a large underestimation pro-
posed as possibly related to errors in the emissions and
meteorological inputs (e.g., wind speed and precipitation).
The ability of the models to capture high PM concentra-
tions was also evaluated at two separate PM2.5 episodes
in Europe and North America. Large variability was found
among the model’s predicted emissions, deposition rates,
and concentrations of PM. No single model was found to
match consistently the observations for the entire period or
region, highlighting the challenges that remained to address
(Solazzo et al. 2012a). Similar exercises were made for
ozone (Solazzo et al. 2012b). The unprecedented scale of
the exercise (two continents, one full year, seventeen mod-
elling groups) marked a milepost that enabled a theretofore
unparalleled detailed description of model skills and the
uncertainty with respect to their predictions. The AQMEII
effort is currently in its fourth phase, focusing on the inter-
comparison of deposition estimates. AQMEII3 (2016-2018)
focused on the impacts of long-range transport of contam-
inants on regional air quality. One of the highlights among
the products of the third phase was the development of
methods for apportionment of error to the individual under-
lying processes (Solazzo et al. 2017). The results from this
novel approach emphasized the strength of the interconnec-
tion among the meteorology and the atmospheric chemical
species, and the differential sources of errors for different
types of contaminants.

Model evaluation and intermodel comparisons like the
ones described rely on the availability of extensive regional

air quality monitoring stations. The quality of the data
used for evaluation is of importance for proper performance
assessment, as detailed by Solazzo and Galmarini (2015).
Neither detailed and rigorous model performance evaluation
nor intermodel comparisons are available for the TAR,
in large part because of the lack of monitoring networks
(particularly outside of the urban areas), but also in part
because the modelling community in the region is not
as consolidated as the European and North American
modelling communities.

Evaluation of large-scale models continues being a
difficult task. As reality is not always completely covered
by a reliable network of sensors, CTM sometimes are
compared against scarce measurements. Mathematically,
the solution of differential equations and chemical reactions
in a large dimensional grid requires robust measures instead
of simplistic approximations of deviations.

The lack of good evaluation methods based on the
complexity provides opportunities for further research.
Functional data analysis (FDA) encompasses different
numerical and statistical methodologies that could help
separate climate variability aspects and explore their
consequences, improving the system understanding. FDA
is used to compare two or more sets of data with respect
to certain types of variation, where two sets of data can
contain different sets of replicates of the same functions, or
different functions for a common set of replicates [Boada
et al., in progress]. Comparison between observational and
model functional data analyses would serve as a technique
of model evaluation. Also, FDA could offer the basis to the
development of bias correction methods.

From systems and control, the uncertainty has been
modelled via identification of the non-linear and/or non-
Gaussian dynamics. The phenomenology modelled by
stochastic processes provides a rich environment for
estimation of the states and parameters of the model.
Some approaches came from the variational calculus by
solving the initial conditions of the system looking for the
trajectories of the system and their relationship with the
measured data. Fisherian and Bayesian paradigms allow
the description with maximum likelihood and maximum
a posteriori of the probability distribution of both system
states and outputs. Reducing the uncertainty by adding the
observations to the model is not a recent idea. Kalman in
early 1960s developed an algorithm solving the optimal
filtering problem for linear and Gaussian systems. A wide
range of filtering techniques extended the approach to non
linear systems and non Gaussian solutions to chemistry-
biological models (Quintero et al. 2008, 2009a, b). Their
use for small-scale models was positioned among the
practitioners and the understanding of certain properties
(reversibility/irreversibility) led to close the control loop.
Nevertheless, the story for large-scale complex dynamical
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systems such as CTM was not the same. The physics
underlying the transport phenomena condition the chemical
reactions and the dimensionality of the problem represented
a challenge to be faced.

Data assimilation of complexmodels
and the lack of sensor networks in the
Tropical Andes

Lets assume the atmospheric dynamics can be modelled
with a mathematical model, usually written as a discrete
time state-space representation:

xk =Mtk−1→tk (xk−1) for 0≤ k − 1 ≤ M, and xk ∈R
n×1 ,

(1)

where M : R
n×1 → R

n×1 is an imperfect numerical
model which mimics the behavior of the ocean and/or the
atmosphere.

Data assimilation (DA) is the process whereby an

imperfect numerical forecast
{
xb
k

}M

k=0 is adjusted according
to real-noisy observations {yk}Mk=0 (Kalnay 2003; Lahoz
et al. 2010; Reichle 2008) where xb

k ∈ R
n×1 is well-

known as the background state, k denotes time index
where observations are available, for 0 ≤ k ≤ M , n is
the state size, M is the size of the assimilation window,
yk ∈ R

m×1 is a vector of observations, and m is the
number of observations. The goal is then to estimate the
actual state x∗

k ∈ R
n×1 of a (highly) non-linear system

which approximately evolves according to some imperfect
numerical model.

The scarcity of the sensor networks and spatio temporal
variance of the data requires a mathematical, analytical, and
computational effort moving the frontiers of knowledge in
the field. This challenge was accepted and embraced by
the community and variations of the EnKF and variational
techniques appear to solve initial conditions for CTM in the
assessment of ozone, particulate matter, nitrogenate species,
and other chemical compounds in atmosphere in Europe and
China.

A promise of bounty lies in the incorporation of DA
into atmospheric pollution modelling, not only for its
contribution to the reduction of uncertainty but also in
opening the door to air quality forecasting. Forecasting with
CTM presents us with interesting and complex challenges
associated with the uncertainty in weather predictions,
the lack of accurate emissions inventory, and the scarcity
and sparsity of air quality monitoring networks. These
challenges require creative solutions; these challenges
represent opportunities for the advancement of knowledge.

DA in CTM is a relatively recent development (Wang
et al. 2011; Kumar et al. 2012; Candiani et al. 2013;

Joseph et al. 2013; Tilloy et al. 2013; Nguyen et al. 2018).
Several efforts have been channeled to the development of
an ensemble-based Kalman filter (EnKF) (Evensen 1994,
2003a, b, 2009) for DA in the LOTOS-EUROS model
(Sebacher et al. 2013). Additional work looked for the
estimation of states and parameters of the model using not
only ground-based sensors but also satellite and remotely
sensed data (Lu et al. 2016; 2015; 2016a, b; 2017; Jin et al.
2018, 2019).

The ensemble Kalman filter

The ensemble Kalman filter (EnKF) is a sequential Monte
Carlo method for parameter and state estimation in highly
non-linear models (Lorenc 2003; Evensen 2003a). The
popularity of the EnKF obeys to his simple formulation
and relatively ease implementation (Burgers et al. 1998). In
the EnKF, an ensemble of model realizations is employed
to estimate moments of the background error distribution
(Houtekamer and Mitchell 1998; Stroud et al. 2018):

Xb
k =

[
xb[1]
k , xb[2]

k , . . . , xb[N]
k

]
∈ R

n×N (2)

where xb[e]
k ∈ R

n×1 stands for the eth ensemble member, for
1 ≤ e ≤ N , at time k, for 0 ≤ k ≤ M . Then, the ensemble
mean:

xb
k = 1

N
·

N∑
e=1

xb[e]
k ∈ R

n×1 (3)

and the ensemble covariance matrix:

Pb
k = 1

N − 1
· �Xb

k ·
[
�Xb

k

]T ∈ R
n×n (4)

act as estimates of the background state xb
k and the

background error covariance matrix Bk , respectively, where
the matrix of member deviations reads:

�Xb
k = Xb

k − xb
k · 1T ∈ R

n×N . (5)

Posterior members can be computed via the use synthetic
observations:

Xa
k = Xb

k + �Xa
k , (6)

where the analysis increments can be obtained via the
solution of the next linear system:[[

Pb
k

]−1 + HT
k · R−1

k · Hk

]
·�Xa

k = HT
k ·R−1

k ·Ds
k ∈ R

n×N ,

(7)

and Ds
k ∈ R

m×N is the innovation matrix on the synthetic

observations whose eth column reads yk − Hk · xb[e]
k +

ε
[e]
k ∈ R

m×1 with ε
[e]
k ∼ N (0m, Rk). In practice, model

dimensions range in the order of millions while ensemble
sizes are constrained by the hundreds and as a direct
consequence, sampling errors impact the quality of analysis
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increments. To counteract the effects of sampling noise,
localizations methods are commonly employed (Greybush
et al. 2011; Chen and Oliver 2010), in practice. For
instance, methods such as covariance matrix localization
(B-localization) (Lei et al. 2018), domain localization, and
observation localization (R-localization) (Anderson 2001,
2019; Han et al. 2018) are employed under operational DA
scenarios. Yet another possible choice is to make use of
precision covariance matrix estimation. In this context, for
instance, the use of the spatial-predecessors concept can be
employed to obtain sparse estimators of precision matrices
(Levina et al. 2008). The predecessors of model component
i, from now on P(i, r), for 1 ≤ i ≤ n and a radius of
influence r ∈ Z

+, are given by the set of components whose
labels are lesser than that of the ith one. Of course, this will
depend on the format employed to label components on a
numerical grid. For instance, Fig. 1 shows an example for a
two dimensional domain when r = 1, i = 6, and model
components are labeled by using column-major format.

In the EnKF based on a modified Cholesky decom-
position (EnKF-MC) (Nino-Ruiz et al. 2017b, 2018), the
following estimator is employed to approximate the preci-
sion covariance matrix of the background error distribution
(Bickel et al. 2008b):

B̂−1
k = L̂T

k · D̂−1
k · L̂k ∈ R

n×n , (8)

where the Cholesky factor Lk ∈ R
n×n is a lower triangular

matrix,

{
L̂k

}
i,v

=
⎧⎨⎩

−βi,v,k , v ∈ P(i, r)

1 , i = v

0 , otherwise
, (9)

whose non-zero sub-diagonal elements βi,v,k are obtained
by fitting models of the form,

xT[i]k =
∑

v∈P (i, r)

βi,v,k ·xT[v]k+γ i k ∈ R
N×1 , 1 ≤ i ≤ n , (10)

where xT[i]k ∈ R
N×1 denotes the ith row (model component)

of the ensemble Eq. 2, components of vector γ i k ∈ R
N×1

are samples from a zero-mean normal distribution with

unknown variance σ 2
k , and Dk ∈ R

n×n is a diagonal matrix
whose diagonal elements read,

{Dk}i,i = v̂ar

⎛⎝xT[i]k −
∑

v∈P(i, r)

βi,v,k · xT[j ]k

⎞⎠−1

(11)

≈ var
(
γ i k

)−1 = 1

σ 2
k

> 0 , with {Dk}1,1 = v̂ar
(
xT[1]k

)−1
, (12)

where var(•) and v̂ar(•) denote the actual and the empirical
variances, respectively. The analysis equations can then be
written as follows:

Xa
k = Xb

k +
[
L̃T

k · D̃−1/2
k

]−1 · Ek ∈ R
n×N , (13)

where

Ã−1
k = L̃T

k · D̃−1
k · L̃k = B̂−1

k + HT
k · R−1

k · Hk

= L̂T
k · D̂−1

k · L̂k + HT
k · R−1

k · Hk ∈ R
n×n (14)

is an estimate of the posterior precision covariance matrix
while the columns of matrix Ek ∈ R

n×N are formed by
samples from a standard normal distribution, L̃T

k ∈ R
n×n

is a lower triangular matrix (with the same structure as L̂k),
and D̃−1

k ∈ R
n×n is a diagonal matrix. Given the special

structure of the left-hand side in Eq. 13, the direct inversion
of the matrix L̃k ·D̃−1/2

k ∈ R
n×n can be avoided, and instead

backward substitutions can be employed to compute the
analysis increments. Moreover, the Cholesky factorization
of the innovation matrix Eq. 14 can be implicitly performed,
for instance, one can update the prior precision factors L̂
and D̂−1 with the information brought by the data error
correlations onto the model space HT

k · R−1
k · Hk ∈ R

n×n

by using rank-one updates over such factors. The algorithm
proposed in Nino-Ruiz et al. (2017a) and Nino-Ruiz (2017)
(Algorithm 1) can be modified in such manner that a rank
m update method can be formulated to estimate posterior
factors of precision covariance matrices based on the prior
ones, this can be seen in Algorithm 1. The computational
effort of this method reads:

O
(
n · m · ϕ2

)
,

Fig. 1 Local model components (local box) and local predecessors for the model component 6 when r = 1. Column-major ordering is utilized
to label the model components
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where ϕ ≈ N stands for the maximum number of non-zero
elements per row across all rows in L̂k . Neither of matrices
B−1

k are held in memory but their L̂k and D̂−1
k factors

are enough to perform analysis computations, respectively.
Note that, once the posterior factors are estimated, the
analysis Eq. 13 can be efficiently employed with no more
than Nino-Ruiz (2017):

O (n · N + n · ϕ) ,

long computations (multiplications and divisions), which is
equivalent to the computational cost of matrix-free EnKF
implementations which do not account for localization:
O

(
n · m · N + n · N2

)
(Godinez and Moulton 2012).

Recent work by our group on the assimilation of
the LOTOS-EUROS model for the Aburrá Valley in
Colombia is pioneering novel uses for DA in the TAR.
The assimilation of surface data from the official network
of monitoring stations (SIATA) via EnKF with covariance
localization improved the representation of PM10 and
PM2.5dynamics and their concentration estimates within

the Valley [López-Restrepo et al., submitted]. Our results
showed that for calibration of the radius for local analysis,
the adjustment of the correlation time length τ , and the
estimation of the observation covariance error matrix R, all
contributed to significantly improved performance of the
model, reproducing the observations more closely than the
model without DA.

The estimation of emissions correction factors via DA
compensated for the scarcity in accurate and detailed emis-
sions inventories for the region. Forecast performance was
sensitive to time and inheritance scheme, demonstrating
that the temporal dynamics of pollutant emissions associ-
ated with the diurnal and weekly patterns of human activity
need to be taken into account in the development of forecast
systems. Inheritance schemes cognizant of complex system
attributes (e.g., rugged topography, spatially heterogeneous,
and highly dynamic meteorology) may yield improved per-
formance and increase the resolution and usability of air
quality forecast systems. Improved schemes for covariance
localization, necessitated by the complex topography of the
Valley, are being developed. Robust estimators are being
derived from the lessons in Nino-Ruiz (2017) and Nino-
Ruiz et al. (2017b, 2018), with the concurrent development
of their extension to CTM.

Variational methods

Another approach to incorporate measurements on the
dynamical model is the variational techniques. They use the
variational calculus and optimal control theory to estimate
the best suitable initial states for an interval using the
dynamical discrete model. The definition of such interval
allows the derivation of a 3Dimensional variational data
assimilation or 4Dimensional models taking into account
the time variation of the dynamical 3Dimensional system.

The main idea is to minimize a cost function combining
the knowledge of the system and the data. In four-
dimensional variational (4D-Var) data assimilation methods
(Huang et al. 2009), when observational errors and initial
background errors are Gaussian, cost functions of the form
(Tr’emolet 2006; Trémolet 2007):

J (x0) = 1

2
·
∥∥∥x0 − xb

0

∥∥∥2

B−1
0

+ 1

2
·
M−1∑
k=0

‖yk − Hk (xk)‖2
R−1

k

,

(15)

are employed to estimate the initial state x0 ∈ R
n×1 which

best fit the given data {yk}Mk=0:

xa
0 = arg min

x0
J (x0) , subject to xk = Mtk−1→tk (xk−1) .

(16)
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The solution to Eq. 16 requires an explicit expression of
the model operator partial derivatives or their tangent linear
model. As 4D-Var-based methods rely on tangent linear and
adjoint models, the solution is labor-intensive to develop
and computationally expensive to run (Ito et al. 2016).
This is because the large number of states in a large-
scale numerical model or chemical transport model tends to
higher orders.

Typically, ensemble-based methods can be employed
under 4D-Var operational scenarios to avoid the use of
these kind of models (Harlim and Hunt 2007; Miyoshi and
Kunii 2012). The main idea behind these approaches is to
build ensemble sub-spaces onto which analysis increments
can be estimated (Wang et al. 2007). The flow-dependency
property of ensemble covariances can be exploited to
ensure consistency (with regard to the numerical model
dynamics) of the resulting analysis estimations (Gustafsson
2007). However, since ensemble members come at high
computational costs, ensemble sizes are bounden by the
hundreds while model resolutions are constrained by the
billions (Yin et al. 2015).

As a direct consequence, analysis increments can be
impacted by sampling noise which can result in poor
estimation of posterior members. Although localization
methods can be employed to counteract the effects of
sampling noise, their use under 4D-EnKF formulations is
not clear (in regard to their efficient implementation, for
instance). We think that, the use of a modified Cholesky
decomposition (Bickel et al. 2008a; Rothman et al. 2009)
can be exploited in the context of 4D-Var methods to
estimate a full-rank square root approximation of B at
assimilation steps, the ranges of these estimations can
be treated as new control spaces onto which analysis
increments can be estimated. In this manner, we can
mitigate the impact of sampling noise and even more, given
the special structure of the employed estimator, efficient and
practical formulations of hybrid methods can be feasible.

Hybridmethods

Inaccuracies in LULC data, while diminishing thanks to the
increasing availability of satellite imagery, are still a source
of uncertainty for CTM, specially since model categories
and parameterizations do not reflect fully the realities on
the ground. A possible strategy, as mentioned above in the
section on inventories 3, is the use of chemical satellite
and other remotely sensed data for DA through variational
approaches. Variational assimilation of the highly complex
systems represented by CTM faces the difficulty of
formulating the ad joint of the linear tangent model.
This hurdle is to overcome by means of ensemble-based
variational techniques, as in van Velzen and Segers (2010).
This is still an incipient field, a wide open area of study

replete with opportunities for developing computational and
numerical techniques to obtain alternative best estimates for
the system’s states and parameters.

The construction of an tangent linear and/or an adjoint
model for real, large forecast models is an extremely labor-
intensive process. For instance, the adjoint model of the
high-resolution limited area modelling (HIRLAM) 4D-Var
(Gustafsson and Bojarova 2014; Stengel et al. 2009) was
developed in 10 years in which most of the time was spent to
detect and to fix errors in the tangent and the adjoint models
(Gustafsson 2007). In order to avoid the implementation of
such models, one can employ ensemble-based methods to
encapsulate the statistical evolution of initial errors and to
build sub-space onto which initial analysis increments can
be estimated. As is well-known, these methods naturally
propagate flow-dependent background error covariance
matrices. For instance, in Four-Dimensional Variational
Ensemble Data Assimilation (4D-EnKF) (Liu et al. 2008;
Lorenc et al. 2015), the model trajectory is constrained to
the space spanned by the background ensemble members,
this is:

xk = xb
k + �Xk · w , (17)

where w ∈ R
N×1 is a vector in redundant coordinates to be

determined later. This equivalent to:

xk − xb
k ∈ range {�Xk} ≈ range

{
B1/2

k

}
.

Therefore, the analysis increments are computed onto the
space given by a low-rank square root approximation of the
background error covariance matrices at observation times.
By replacing Eq. 17 into Eq. 15, one obtains:

J (x0) = J
(
xb

0 + �X0 · w
)

= Ĵ (w) = (N − 1)

2
· ‖w‖2

+1

2
·

M∑
k=0

‖dk − Qk · w‖2
R−1

k

, (18)

where dk = yk − Hk · xb
k ∈ R

m×1 is the innovation vector
and Qk = Hk · �Xb

k ∈ R
m×N . The optimal values of the

control variable w is then seek in order to estimate the initial
analysis state:

w∗ = arg min
w

Ĵ (w) . (19)
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The gradient of Eq. 18 is equal to:

∇wĴ (w) = (N − 1) · w −
M∑

k=0

QT
k · R−1

k · [dk − Qk · w]

=
[
(N − 1) · I +

M∑
k=0

QT
k · R−1

k · Qk

]
· w

−
M∑

k=0

QT
k · R−1

k · dk ∈ R
N×1 , (20)

and by setting this gradient to zero, the optimal weights
Eq. 19 read:

w∗ =
[
(N − 1) · I +

M∑
k=0

QT
k · R−1

k · Qk

]−1

·
M∑

k=0

QT
k · R−1

k · dk ∈ R
N×1 , (21)

from which the initial analysis state can be estimated:

xa
0 = xb

0 + �Xb
0 · w∗ . (22)

Since Eq. 17 represents an approximated solution rather
than an exact solution, the initial analysis is only recovered
and propagated in time in order to obtain an approximation
of the optimal trajectory of Eq. 16. Note that all
computations are performed onto the ensemble space Eq. 17
and therefore, the computational cost of estimating Eq. 22
is linearly bounded with regard to the model size n and the
number of observations m (Ruiz and Sandu 2016).

Currently, our work is directed towards the implementa-
tion of the 4DEnVar technique, followed by an EnKS-MC
ensemble Kalman smoother with modified Cholesky tech-
nique in order to compare the behavior of two ensemble-
based techniques assimilating satellite measurements of the
NO2 from the TROPOMI instrument to assess the emission
and deposition of nitrogen species for parameter estima-
tion in natural protected areas over Colombia [Yarce et al.,
under construction]. Our work focuses on introducing a
singular value decomposition of the ensemble members to
estimate the dominant autovectors degeneracy due to the
time propagation of the members, and a Cholesky decompo-
sition for inverse covariance matrix background covariance
matrix estimations in a hybrid adjoint-free data assimilation
technique.

Mathematical models as decision-making
tools

The field of control systems aims to design and implement
control laws on dynamical systems. The main goal is to find

a set of finite control actions that carry the system from
point A to point B in finite time. In order to achieve the
best behavior possible for the system, a reference point or
trajectory is needed and a control law must be designed
and calculated according to certain criteria such as stability,
robustness, or performance.

The control law is designed based on knowledge about
the system, often represented as a mathematical model. The
complexity of the control law deployed increases according
to the complexity of the model. Linear control, non-
linear control, robust control, predictive control, adaptive
control, intelligent control, stochastic control, and many
other branches in the field of control theory arose from the
need to adapt to the particularities of both the model and the
system.

The set of control actions must be not only feasible
but also realizable and performed with finite energy.
Consequently, the cost function includes particularities to
bound the solution to the problem. By closing the loop
between controller and system, the entire phenomenon
changes and improves. This notion can be extended to
the decision and regulatory policy making regarding air
pollution. If so, how could it be described?

Assuming the correct development and implementation
of data assimilation for CTM as techniques and develop-
ments mentioned in “Data assimilation of complex models
and the lack of sensor networks in the Tropical Andes,”
we may thus claim that the models describe and forecast
accurately air pollution dispersion scenarios.

The next step would be to design a finite set of control
actions. The optimal control actions refer to the set of
strategies for mitigation and control of emissions and
pollutants expelled and transformed on the atmosphere.
Two types of scenarios at different scales arise: (1) high-
resolution scenarios for urban zones; (2) scenarios of
lower resolution of regional development and ecosystem
protection. Forecast and source apportionment, jointly with
emission factors estimation, may be products of a careful
data assimilation and model ensemble scheme. Some
examples such as Marco Polo- Panda project exemplifies the
main goal of our north western south America initiative. A
natural way of thinking is the regulatory assessment based in
evidence and science. A natural enemy may be the complex
geodynamics; there is a lot of science to be done.

From fundamental research to operational environments,
a long path must be followed (Solazzo et al. 2013). But, in
the case of data assimilation in CTM, once the observations
provide information to the model, forecast is an immediate
step. Forecast of pollutants’ dispersion requires also a good
weather numerical model. The daily cycle must be depicted.
Several realizations of the same process may produce a good
ensemble. Numerical errors may challenge the nature of the
stochasticity added to the model but every CTM may offer
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the best of its reaction schemes to the ensemble (Anderson
2012, 2019).

Regulations based on modelling and scenarios and traffic
models used as dynamic emissions serve as the core of
the control law design. Several years ago, this type of
approach was used for the telecommunications market in
Ecuador; mathematical evidence was presented but political
motivations declined the technical suggestions (Bastidas
et al. 2014). Mitigation strategies may be studied and
simulated and the effects for urban planning take place
among the decision makers. The cyberphysical system when
humans decide whether or not act on the systems is the
next generation of tools for air pollution assessment in
Latin America. Computers provide powerful visualization
allowing the cognitive process of decision makers to
evaluate qualitatively the effects of their choices and the
sources to be mitigated by means of new technologies.
Cyberphysical systems involve several new advanced
techniques from control and systems world, human machine
interfaces and human computer interaction techniques
deploy to policy makers the effect of the social, economic,
and health impacts.

But when the human closes the loop, information
represents the milestone. A formal approach to decision
theory involves Bayesian formulations and the relevance
of air pollution assessments in public health, economy,
agriculture, biodiversity, and society requires the deep study
of the behavioral economics. The air pollution is not
necessarily a field limited to environmental and chemical
engineers, requires a multidisciplinary effort.

Decision-making for air pollution requires the reduction
on the uncertainties for modelling, from emissions inventory
to land use and land cover. Influence of human activities
in meteorology and the complex terrain of the Tropical
Andes provide challenges for numerical weather prediction.
Mathematical models offer a suitable tool mixed with mon-
itoring stations. The scarcity and spatio-temporal variance
of observations provides difficulties for assimilation of the
models, but the interdisciplinary scientific community keep
working on formal, real scenario and generalized new data
assimilation techniques for uncertainty reduction.

Data assimilation offers a dynamical driven alternative
to diminish the lack of knowledge on the air pollution
dynamics in short time scales. Adding surface, satellite,
in situ, and laser-based remote sensing data to a model
will enrich the knowledge for proper scenario simulation
and on line decision-making. The vast amount or data also
allows the possibility to design machine learning-based
preprocessing data platforms pre-data assimilation.

As developed towards this paper, none of this is
impossible to tackle. Evidence built from the last years
supports the potential for a scientific and technical
advances. Nevertheless, the humans continue being the ones

deciding whether or not move forward to chaotic air quality
scenarios.

Conclusions

The time is ripe for the coming together of the air
quality modelling community to address the challenges and
opportunities of modelling atmospheric chemical dynamics
in the Tropical Andean region. The region lacks broad
networks of monitoring stations such as those available
in the European and North American regions. Because
of the mega-diversity of the natural ecosystems present
in the region, biogenic emissions are a major source of
uncertainty for CTM simulations. Furthermore, because of
the remoteness of some of the territories, and the sometimes
illegal activities, certain sources of emissions are seen only
from the air. To the time of submission of this review, a
critical wild fires on the Amazon’s region were advertised
by remote sensing.

For adequate performance, CTM implemented in the
TAR will require all the help they can get to make the
most of the available data. International alliances such as
PAPILA will help fill some of the gaps in the advancement
of modelling in the region in addition to the emissions
inventory.

Data assimilation for CTMs is not a new scientific
research area. In Europe and China, we found evidence
of the benefits of adding different sources of information
to the models, improving their results. Nevertheless, data
assimilation in chemical process is not a straightforward
duty. It requires a set of mathematical and computational
skills along with the understanding of the dominant physics
and chemical reactions, leading to the enrichment of
interdisciplinary teams. Sources of data from ground, in
situ, and remote will help minimize uncertainty from
initial and boundary conditions by means of DA. They
also provide complexity to the new DA techniques and
algorithms due to the spatio temporal scarcity of the data.

DA applied to CTM can also help the process of
source apportionment. Source apportionment is the process
whereby the in is a fundamental step in implementing
(Nguyen et al. 2018).

By having a good model with reduced uncertainty, a
natural step is forecasting of not only urban zones but also
emission and deposition dynamics from protected areas and
water sources. Agricultural activities may also be planned
by a long-term prediction. Daily cycles analysis for urban
pollution and scenarios of dynamic and static emissions
sources modification arise as a good option of decision-
making process.

We introduced and developed the idea of cyberphysical
systems for air pollution management and opened insights
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for future research. We plan to set an operative cyber-
physical system based on assimilated models for citizens
behavioral actions concerning air pollution.
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Mȯlter A, Lindley S, Madsen C, Cesaroni G, Ranzi A, Badaloni C,
Hoffmann B, Nonnemacher M, Krȧmer U, Kuhlbusch T, Cirach
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AA, Arroyo L, Aulestia M, Balslev H, Barroso J, Boot R, Cano
A, Chama Moscoso V, Comiskey JA, Cornejo F, Dallmeier F,
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BH (2018) High-resolution air quality modeling in a medium-
sized city in the tropical Andes: assessment of local and global
emissions in understanding ozone and PM10 dynamics. Atmos
Poll Res 2017:1–15

Greybush SJ, Kalnay E, Miyoshi T, Ide K, Hunt BR (2011) Balance
and ensemble kalman filter localization techniques. Mon Weather
Rev 139(2):511–522

Guenther A, Karl T, Harley P, Weidinmyer C, Palmer PI, Geron C
(2006) Edinburgh research explorer estimates of global terrestrial
isoprene emissions using MEGAN (Model of Emissions of Gases
and Aerosols from Nature) and physics e of global terrestrial
isoprene emissions using MEGAN (Model of Emissions of Gases
an. Atmos Chem Phys 6:3181–3210

Guenther AB, Jiang X, Heald CL, Sakulyanontvittaya T, Duhl T,
Emmons LK, Wang X (2012) The model of emissions of gases
and aerosols from nature version 2.1 (MEGAN2.1): an extended
and updated framework for modeling biogenic emissions. Geosci
Model Dev 5(6):1471–1492

Gustafsson N (2007) Discussion on ‘4d-var or enkf?’ Tellus A:
Dynamic Meteorology and Oceanography 59(5):774–777

Gustafsson N, Bojarova J (2014) Four-dimensional ensemble varia-
tional (4d-en-var) data assimilation for the high resolution limited
area model (hirlam). Nonlinear Processes Geophys 21(4):745–762

Habermann M, Billger M, Haeger-Eugensson M (2015) Land use
regression as method to model air pollution. Previous results for
Gothenburg/Sweden. Procedia Eng 115(0):21–28

Hagan N, Robins N, Hsu-Kim H, Halabi S, Morris M, Woodall
G, Zhang T, Bacon A, Richter DdeB, Vandenberg J (2011)
Estimating historical atmospheric mercury concentrations from
silver mining and their legacies in present-day surface soil in
Potosı́, Bolivia. Atmospheric Environment 45(40):7619–7626.
https://doi.org/10.1016/j.atmosenv.2010.10.009

Han Y, Zhang J, Sun D (2018) Error control and adjustment method
for underwater wireless sensor network localization. Appl Acoust
130:293–299

Harley P, Vasconcellos P, Vierling L, Pinheiro CCDS, Greenberg J,
Guenther A, Klinger L, De Almeida SS, Neill D, Baker T, Phillips
O, Malhi Y (2004) Variation in potential for isoprene emissions
among Neotropical forest sites. Glob Chang Biol 10(5):630–650

Harlim J, Hunt BR (2007) Four-dimensional local ensemble transform
kalman filter: numerical experiments with a global circulation
model. Tellus A: Dynamic Meteorology and Oceanography
59(5):731–748

Hendriks C, Kranenburg R, Kuenen J, van Gijlswijk R, Wichink Kruit
R, Segers A, Denier van der Gon H, Schaap M (2013) The origin
of ambient particulate matter concentrations in the Netherlands.
Atmos Environ 69:289–303
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