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• A new emission inventory, the main uncertainty source in air quality studies, has been estimated using a top-5

down spatial disaggregation methodology.6

• Using this local emission inventory, model simulations of particulate matter improve.7

• Application of an air quality simulation over Colombia.8

• High-Resolution Chemical Transport Model LOTOS-EUROS has been configured for the Aburrá Valley.9
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20 ABSTRACT21
22

In this paper a local emission inventory for PM10 and PM2:5 is presented that has been developed23

using a top-down spatial disaggregation of the official emission inventory for the Metropolitan24

Area of the Aburrá Valley in Colombia. The local emission inventory was evaluated using the25

LOTOS-EUROS Chemical Transport Model in a high-resolution simulation, and compared with26

the global emission inventory EDGAR. A detailed analysis of the model using the local emission27

inventorywas performed. The results showed a considerable improvement inmodel performance28

when the local emission inventory was used in comparison to the global emission inventory.29

30

1. Introduction31

Air pollution has become one of the most important concerns of local authorities of growing cities in Latin Ameri-32

can (Kumar, Jiménez, Belalcázar andRojas, 2016). Emissions from urban agglomerations aremajor sources of regional33

and global atmospheric pollution (Green and Sánchez, 2012). An example of this is the Aburrá Valley that constitutes34

the second most populous metropolitan area in Colombia. It is composed of the city of Medellín and its neighboring35

municipalities. Within the Aburrá Valley, air quality conditions deteriorate with the overpass of the 1 Intertropical36

Convergence Zone (March-April, and with lower intensity in October-November). During the overpass, the atmo-37

spheric boundary layer stays often below the rim of the canyon, trapping the pollutants within the valley (Jiménez,38

2016).39

Due to the large stress on human health induced by this air pollution, efforts have been made to monitor, reduce, and40

prevent episodes in which concentrations of pollutants reach hazard levels. Before measures for reducing air pollution41

can be implemented it is important to know the actual concentration levels and how these evolve in time over the area of42

interest. This could be done using a Chemical Transport Model (CTM) to simulate concentrations of trace gasses and43

particulate matter (Thunis, Miranda, Baldasano, Blond, Douros, Graff, Janssen, Juda-Rezler, Karvosenoja, Maffeis,44

Martilli, Rasoloharimahefa, Real, Viaene, Volta and White, 2016; Lateb, Meroney, Yataghene, Fellouah, Saleh and45

Boufadel, 2016).46

An early study on atmospheric pollution in Colombia used the WRF-CHEM model (Weather Research and Fore-47

casting with Chemistry) to simulate the concentrations of PM10 over the Bogotá metropolitan area (Kumar et al.,48

2016). The EDGAR (Emissions Database for Global Atmospheric Research) global emission inventory was used as49

input. The simulations underestimated the PM10 concentrations by an order of magnitude compared to observations.50

The WRF-CHEM model has also been applied to study the behavior of O3 over the medium-size, mountainous city51

of Manizales (González, Ynoue, Vara-Vela, Rojas and Aristizábal, 2018). By using high-resolution simulations (1x152

km), the study compared the performance of the model when using either the EDGAR emission inventory or a high-53

resolution emission inventory previously developed (Gonzalez, Gomez, Rojas, Acevedo and Aristizabal, 2017). This54

study showed a significant improvement of the model performance when using the high-resolution emission inventory.55
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For the city of Medellín, a similar under estimation of PM2:5 and PM10 concentrations has been observed for56

simulations with the LOTOS-EUROS CTM (Lopez-Restrepo, Yarce, Pinel, Quintero, Segers and Heemink, 2020),57

which also used the global EDGAR inventory as input. Data assimilation was used to adjust the emissions, and due58

to the persistent low bias the best performance was obtained by strongly increasing the emissions over the entire59

domain. Despite repeated studies showing that the EDGAR inventory has its limitations for application over Colombian60

(Gonzalez et al., 2017; Pachón, Galvis, Lombana, Carmona, Fajardo, Rincón, Meneses, Chaparro, Nedbor-Gross and61

Henderson, 2018; Nedbor-Gross, Henderson, Pérez-Peña and Pachón, 2018), this database is still the only one available62

that includes all species necessary for air quality simulations over a large region of the northeast Andes domain.63

In this paper, a disaggregation methodology is proposed to create a local map of particulate matter (PM) emissions64

that is suitable for modelling purposes. The emissions are based on the current official emission inventory for the65

Metropolitan Area of the Aburrá Valley. The new emission inventory is compared with the global emission inventory66

EDGAR v4.3 (Crippa, Guizzardi, Muntean, Schaaf, Dentener, van Aardenne, Monni, Doering, Olivier, Pagliari and67

Janssens-Maenhout, 2018), and used in simulations with the LOTOS-EUROSmodel. The simulated particulate matter68

concentrations are compared with observations from surface stations from a local air quality network.69

The paper is organized as follows. Section 2 presents the relevant information regarding the emission data and70

how the new emission inventory was built. The simulation model, observations and methodology used to validate the71

simulations are also presented. Section 3 shows the local emission inventory and a comparison with the EDGAR v4.372

emissions. In this section the simulated PM concentrations are evaluated for two different periods using both the new73

local inventory as well as the original global inventory. Section 4 summarizes the main conclusions and provides an74

outlook for future research.75

2. Materials and methods76

2.1. Local emission inventories77

The base of the new emission map is formed by an on-road vehicular and industrial point-source inventory devel-78

oped by the Área Metropolitana del Vallé de Aburrá (AMVA) in cooperation with the Universidad Pontificia Bolivari-79

ana located inMedellín, Colombia (UPB and AMVA, 2017)1. The inventory was initially created for 2015 and updated80

in 2016. The database covers the 10 municipalities that together constitute the Metropolitan Area of the Aburrá Valley81

shown in Figure 5. The AMVA emission inventory provides a complete set of emitted trace gases such as carbon82

monoxide (CO), nitrogen oxides (NOx), sulpheric oxides (SOx), and volotile organic compounds (VOC’s), as well as83

particulate matter with diameters less than 2.5 �m (PM2:5) or less than 10 �m (PM10). The particulate matter emissions84

form the largest contribution to the air quality deterioration in the Valley (Hoyos, Herrera-Mejía, Roldán-Henao and85

Isaza, 2019), and these are therefore the focus of this study. The AMVA inventory followed a bottom-up methodology,86

combining activity data (traffic intensities, industrial production) with emission factors. Only traffic and industrial87

point sources are considered, neither household or commercial sources are taken into account.88

2.1.1. Traffic emissions89

The data for the traffic emissions in the AMVA inventory originates from the mobility offices at all ten municipal-90

ities of the Valley. Five vehicle categories are distinguished: passenger cars, taxis, buses, trucks (including tractor and91

tipper trucks), and motorcycles (subdivided in two groups with different engine capacity and type of motor, namely92

2-stroke motors < 100 cc; and 4-stroke motors (cc<100,100<cc<300,300<cc)). The total number of registered vehi-93

cles in the metropolitan area for 2016 was 1.3 million. Figure 1 shows the total number of vehicles by category, and94

the corresponding type of fuel used. Despite motorcycles being the dominant category, their overall contribution to95

emissions is lower than diesel-fueled trucks.96

The total emissions for PM10 and PM2:5 by vehicle category for the year 2016 are shown in Figure 2 (a). The total97

yearly contribution of PM2:5 is higher than that of PM10. While trucks dominate in the emissions of PM2:5, passenger98

cars are the main source of vehicular PM10.99

2.1.2. Point source emissions100

Data for industrial point-source emissions had been collected from large andmedium-size industrial facilities within101

the Aburrá Valley. Information for 12 different industrial activities was gathered from the official reporting to the envi-102

ronmental agency. Of these, eight economic activities that represent more than 98% of the total emissions are taken into103

1available from https://www.metropol.gov.co/ambiental/calidad-del-aire/Documents/Inventario-de-emisiones
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Figure 1: Total number of mobile sources per category, and subdivision of mobile sources in terms of type of fuel: A -
Diesel, B-Natural Gas, and C-Gasoline.

(a) On-road emissions.
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(b) Point-sources industrial emissions.
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Figure 2: Total PM10 and PM2:5 emissions in the AMVA inventory for the five vehicle categories (a), and the particulate
matter emissions from industrial point sources (b).

account in this study: 1) Food, Beverage and Tobacco (FBT); 2) Leather and Footwear (LFW); 3) Ceramic, Vitreous,104

Brick Makers, Potters, Tiles and Ceramic industries (CVB); 4) Wood industry (WdI); 5) Metallurgical industry (MI);105

6) Paper Industry (PI); 7) Chemical industry (CI); and 8) Textiles (TXT). Emission factors that define the emission106

strength given unit of production were taken from the EPA AP-42 report (US EPA (United State Environmental Pro-107

tection Agency), 1995) and applied for each industrial facility based on the reported type of fuel, type of combustion108

equipment, and firing configuration. The information included in the AMVA inventory covered 432 industrial facili-109

ties and 1448 emission point sources. The annual emission total for PM10 and PM2:5 by economic activity is shown110

in Figure 2(b), which was calculated from the activity level of the industry, the emission factor, but was partly also111

based on direct sampling campaigns. The TXT, MI, FBT and CI sectors are responsible for the majority of industrial112

emissions, with TXT contributing the largest amount. The Wood Industry is the second largest producer of PM2:5113

pollution, despite that the sector occupies just 2 percent of the point sources and 3 percent of all the industrial sites in114

the inventory.115

2.2. Temporal disaggregation116

To be able to use the AMVA emission information in a simulationmodel, it is necessary to expand it with a temporal117

profile. The temporal profile distributes a yearly total emission over seasons (months), days (work days or weekends),118

and hours of the day. For road-traffic emissions, a daily profile following the traffic density for a working day in119

the metropolitan area was taken from (UPB and AMVA, 2017). This profile has an hourly resolution, as shown in120

Figure 4. Industrial emissions can have a strong variability within a day, but since no detailed information is available,121
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Figure 3: Percentage of industrial facilities per economy activities.

their temporal pro�le is kept constant in this study.122

Figure 4: Temporal emission pro�les used for tra�c and industrial point source emissions.

2.3. Spatial disaggregation123

Apart from a temporal pro�le, a simlation model also requires a spatial disaggregation. The result is a map of124

emission intensities that shows spatial di�erences in emission strengths; the total sum should equal the inventory data.125

The AMVA inventory was disaggregated over the Metropolitan Area of the Aburrá Valley ( 76°W-75°W and 5.7°N-126

6.8°N ) at a resolution of 0.01°• 0.01°(approximately 1 km• 1 km). Dissagregation methods use variables such as land127

use and population density maps, tra�c counts, and simpli�ed and complete road networks to assign emissions to grid128

cells (Saide, Zah, Osses and Ossés de Eicker, 2009). A Dissagregation Factor (DF) can be derived from normalized129

weights for each cell in the domain based on speci�c information such as tra�c intensity or road density (Saide et al.,130

2009; Shu and Lam Nina, 2011).131

In this study, a method based on road density was implemented following (Ossés de Eicker, Zah, Triviño and132

Hurni, 2008). The road network map was obtained from the OpenStreetMap database (Haklay and Weber, 2008), and133

simpli�ed by removing the segments classi�ed as residential, as recommended in (Tuia, Ossés de Eicker, Zah, Osses,134

Zarate and Clappier, 2007; Gómez, González, Osses and Aristizábal, 2018). The simpli�cation of the road network135

can reduce errors in the spatial disaggregation since normally residential roads correspond to a high portion of the road136

network length but carry a low percentage of vehicular tra�c (Gonzalez et al., 2017). Although this method is one of137

the simplest disaggregation methods, it has been shown as a valuable method for high-density cities (as is the case of138

the Metropolitan Area of the Aburrá Valley), and in applications where detailed information about tra�c intensity is139

not available (Tuia et al., 2007).140
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For each grid cellj , the correspondingDF was calculated with (Ossés de Eicker et al., 2008):

DF j =

³ I
i=0 Si;j

³ J
j =0

³ I
i=0 Si;j

(1)

whereSi;j is the road segmenti in the grid cellj , I is the total length of road segments in each grid cell, andJ is the141

total number of grid cells. Figure 5 shows the simpli�ed road network map used for the on-road spatial disaggregation.142

The point-source emissions were distributed on the grid using their known location, obtained from the o�cial143

emissions inventory (UPB and AMVA, 2017).144

Figure 5: Simpli�ed road network of the Metropolitan Area of the Aburrá Valley and SIATA particulate matter station
distribution. The raster corresponds to the chosen emission grid.

2.4. LOTOS-EUROS model145

The LOTOS-EUROS (LOng Term Ozone Simulation - EURopean Operational Smog) model is a 3D Chemical146

Transport Model that simulates trace gas and aerosol concentrations in the lower troposphere (Manders, Builtjes,147

Curier, Denier Van Der Gon, Hendriks, Jonkers, Kranenburg, Kuenen, Segers, Timmermans, Visschedijk, Kruit, Addo,148

Van Pul, Sauter, Van Der Swaluw, Swart, Douros, Eskes, Van Meijgaard, Van Ulft, Van Velthoven, Banzhaf, Mues,149

Stern, Fu, Lu, Heemink, Van Velzen and Schaap, 2017). The simulated concentrations include ozone, particulate150

matter, nitrogen dioxide, heavy metals, and organic components (Sauter, der Swaluw, Manders-groot, Kruit, Segers151

and Eskes, 2012). The physical processes in the model include emission, advection, di�usion, chemical reactions, and152
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