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ABSTRACT  

Global emission inventories often fail to capture the complexities of vehicular pollution in 

regions with unique fuel mixes, such as Brazil's extensive biofuel use, leading to significant 

uncertainties in atmospheric modeling. This study presents a century-long (1960–2100) 
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bottom-up vehicular emission inventory for Brazil, leveraging locally-derived emission factors. 

Our estimates reveal substantial discrepancies in magnitude, timing, and speciation of non-CO2 

pollutants (CO, NMHC, PM2.5) compared to leading global inventories (EDGAR, CEDS, 

CAMS), highlighting critical inaccuracies in widely used datasets. More critically, future 

projections under Shared Socioeconomic Pathways (SSPs) uncover a novel positive feedback 

mechanism: rising temperatures significantly enhance vehicular evaporative non-methane 

hydrocarbon (NMHC) emissions. This temperature-dependent increase and subsequent NMHC 

oxidation to CO2 suggest an overlooked pathway that could amplify climate warming and air 

pollution globally, particularly after a breakpoint around 2050 (p<0.05). While historical 

emissions peaked in the 1990s-2000s, non-exhaust PM becomes increasingly important. Air 

quality simulations using our inventory in the MUSICA model show good regional PM2.5 

agreement but highlight challenges in resolving local primary pollutant peaks. This 

comprehensive inventory provides crucial data for Brazil and uncovers globally relevant 

climate-chemistry interactions, urging a re-evaluation of regional specificities in global emission 

assessments. 

SYNOPSIS 

This research provides a comprehensive vehicular emission inventory for Brazil, crucial for 

understanding air quality and climate interactions, especially concerning biofuel use and 

temperature-driven evaporative emissions. 

1. INTRODUCTION 
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Road transportation is a major source of air pollutants and greenhouse gases. In 2023, it 

accounted for 21% of global anthropogenic CO2 emissions1, but this share  rises to 45% in 

Brazil. The impact of ground transportation was evident during COVID-19 lockdowns, when 

significant reductions in transport-related air pollutants were observed both locally2 and 

globally3,4. Despite its importance, there is a lack of long-term studies on emissions trends and 

their impact on air quality in South America. 

Vehicular emissions inventories in South America have focused mostly at the city level, with 

some applications at the country level. In Chile an inventory5 developed covering 1990-2020 at 

0.01 degree spatial resolution and with an annual temporal resolution. The long-term trend shows 

continuous growth of CO2, a peak of nitrogen oxides (NOX) and PM2.5 in 2007, and a peak of 

carbon monoxide (CO) in 1996 following a steady decrease. In a similar study, an inventory6 of 

Colombian transportation emissions for the same period and resolution as the Chilean one5. 

Emission peaks differed between Chile and Colombia: black carbon (BC), CO, NOX, and PM2.5 

peaked in 1996, while greenhouse gases such as methane (CH4) and CO2 showed continuous 

growth throughout the period.  

Brazil, one of the largest countries in the world, has a population of over 200 million and is one 

of the countries with the highest consumption of biofuels, where gasoline contains 27% ethanol 

and diesel 7% biodiesel7. During the decade of 1970, Brazil planned an effort to stop the 

dependency on imported oil with the design of the Proalcool program, which resulted in the 

development of a car that consumed ethanol instead of gasoline8. The blending of ethanol into 

gasoline began with the Proálcool policy in 1975. Instituted by the military government of Brazil, 
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the program was a response to the oil crisis of that period. In the meantime, the ethanol content 

in gasoline ranged from 10% to 22%. Later in 2003, there was the introduction of the flex engine, 

with the capability to consume any ratio of gasoline and ethanol, as long as the mixture has a 

composition of 27% ethanol9. More recently, by 2024, 76% of the Brazilian fleet consisted of 

flex-fuel vehicles (more than in any other country), contributing to higher ethanol combustion 

emissions, and where its atmospheric impacts remain unclear.  

In Brazil, an inventory was developed for 2013–2019 at 0.05° spatial resolution, providing hourly 

emissions with improved spatial detail compared to global inventories10. In Brazil, the Ministry 

of Environment11 published a national vehicular emissions inventory covering 1980-2009, with 

projections for 2020. In Argentina, a high-resolution national inventory was published covering 

1995-202012. An inventory13 quantified air pollutant emissions from ground transport in Lima, 

Peru, by using the US EPA’s Motor Vehicle Emission Simulator (MOVES).  Other studies in 

Latin America also investigated air pollution14,15,16. The implication is that these studies cover a 

short amount of period or a limited geographical area. Furthermore, while there are while 

city-level inventories exist for Latin America (e.g., Santiago, Bogota, São Paulo), there is a 

distinct lack of long-term, national-level bottom-up inventories that account for the transition of 

technologies and unique fuel policies over decades. 

 

Building on previous studies and aiming to address the aforementioned gaps, this study improves 

understanding of long-term vehicular emissions in Brazil by developing a monthly, 

multi-pollutant inventory spanning from 1960 to 2100. The historical component enables the 
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analysis of trends driven by key policy interventions and technological shifts, including the 

implementation of Brazil's biofuel programs. To this end, fuel consumption was reconstructed  

for 1960-1980 and projected for 2020-2100. We also evaluated the influence of projected 

temperatures under  Shared Socioeconomic Pathways (SSP) to account for the variability of 

evaporative emissions. Brazilian emissions were calculated using the Vehicular Emissions 

INventory model (VEIN), an R package with Fortran subroutines17,18. To assess the impact of our 

inventory on air quality simulations and to facilitate its indirect evaluation, we integrated VEIN 

with the global Copernicus Atmosphere Monitoring Service (CAMS) Global Anthropogenic 

Inventory version 6.2 (CAMS-GLOB-ANT v6.2)19 and performed simulations for 2019 using the 

Multi-Scale Infrastructure for Chemistry Modeling (MUSICA) modeling framework20. The 

performance of the air quality simulation was evaluated against surface air quality observations. 

2. DATA AND METHODS 

Emissions inventories for road transportation are estimated considering fleet characteristics, 

mileage, emission factors, and environmental conditions for a specific period17. A general 

formula for estimating emissions is presented in Equation 1: 

Equation 1   Emissions = Activity * Emission Factors 

Where: 

● Emissions represent the total mass of a specific pollutant emitted. 
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● Activity denotes the activity data. For road transport, this is often the total distance 

traveled by a defined category of vehicles (e.g., vehicle-kilometers, VKT), but it can also 

be the total fuel consumed by that category. 

● Emission Factors represent the mass of a pollutant emitted per unit of activity (e.g., grams 

per kilometer if activity is VKT, or grams per liter if activity is based on fuel 

consumption). 

Emission Factors are highly specific and vary depending on numerous parameters. These include 

vehicle type (e.g., passenger car, heavy-duty truck), engine technology, fuel type and 

composition (e.g., gasoline (G), diesel (D), ethanol (E) content; as in Brazilian gasoline contains 

27% ethanol, and diesel blends contain about 7% biodiesel), vehicle maintenance, and operating 

conditions (such as speed, road grade, and ambient temperature). The units of the total emissions 

are determined by the units chosen for Activity and Emission Factors. For instance, if  Activity is 

expressed in vehicle-kilometers (km) and Emission Factors in grams per vehicle-kilometer 

(g/km), then Emissions will be in grams (g). This detailed characterization of emission factors, 

particularly their fuel specificity, is crucial for assessing the impact of policies such as biofuel 

programs. 

For this study, calculations were performed using the Vehicular Emissions INventory (VEIN) 

model17. VEIN implements this emission estimation framework by utilizing a comprehensive 

database of emission factors, which includes data from Europe, Brazil, and China, and it can also 

interface with other models like the US EPA's MOVES21. Importantly, VEIN is capable of 

balancing distance-based activity data with fuel sales or consumption data. This feature allows 
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for the adjustment of activity levels and the selection and application of appropriate fuel-specific 

emission factors (whether they are distance-based or fuel consumption-based), ensuring that 

emissions are estimated consistently with actual fuel usage patterns and characteristics. 

2.1. Activity 

The vehicle activity data was obtained from the official emissions inventory for the State of São 

Paulo7, and they projected it to the country level as described below. For this study, vehicular 

emissions are estimated between 1960 and 2100, and we need to project data backward and 

forward. The available vehicle fleet data ranges between 1979 and 2020 at the time of this study. 

This dataset includes vehicle type, size, and fuel, as shown in Table S1. To model the fleet 

evolution, we utilized a logistic growth function (Equation 2), a standard approach in the 

literature for modeling technology adoption and market penetration22,23,24. The logistic curve 

parameters were fitted to obtain the best agreement between the estimated and observed fleet 

data. This model assumes a saturation point for the market, reflecting that vehicle ownership and 

fuel consumption cannot grow exponentially forever and will eventually stabilize as the market 

matures. The maximum age of a vehicle in circulation for this study is 40 years. However, for the 

year 1960, we assumed that the oldest vehicle in circulation entered the market in 1939 as a 

conservative approach. Hence, for the historical reconstruction (1939–1978), where official 

digitized records are absent, we applied a back-casting technique25. Given that the fleet size and 

fuel consumption in the mid-20th century were significantly lower than current levels, we utilized 

annual reduction factors to project the curves backward from the first year of reliable data. 
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Specifically, we applied an annual reduction factor of 0.95 for the vehicle fleet. Then we 

projected the data by fitting a logistic curve shown in Equation 2: 

Equation 2    𝑓(𝑥) = 𝐿1 + 𝑒−𝑘(𝑥 − 𝑥0)( )
 

Where L is the carrying capacity, k is the growth rate, and x0 is the x value of the function's 

midpoint. For this study, x0 is 35,  x  is the sequence from 1 to 121, L is the maximum number of 

vehicles per type and state time increased by 20%, and k is 0.15. These numbers were obtained 

after rigorous tests that resulted in the best agreement with fleet data. Registration of pure ethanol 

vehicles stopped in 2006. Since the introduction of flex engines, gasoline engine use has 

decreased over time. Then, to project gasoline engines, we assumed a flat rate of vehicles with 

the last value of 2020 onwards. After projecting the fleet, we applied a survival function by type 

of vehicle to obtain the circulating fleet11. In other words, we took out the vehicles that were not 

circulating anymore; for instance, scrapped. The projected circulating fleet is for São Paulo state, 

which represents an initial fleet. The final fleet, representative of each Brazilian state, is obtained 

by matching the estimation of fuel consumption and data of fuel sales. Once we have the 

projected fleet, we move to the next and crucial step: fuel consumption. 

Data on fuel consumption by state, month, and type of fuel was obtained from the National 

Agency of Oil in Brazil26. The data used for this study consists of monthly fuel consumption by 

state from 2000 to 2022. The fuel types include G, which contains 27% of ethanol; E; and D, 

which contains about 7% of biodiesel. In general, ethanol is produced from sugarcane and 

 

10 

 



biodiesel from soy. Then, the fuel consumption projected in the past assuming a constant rate of 

0.9, and into the future also using logistic Equation 2, but with values of 10 and/or  0.15, L is the 

max number of vehicles per type and state times 95%. The numbers were obtained after different 

tests to obtain better agreement with the data. The projections were made yearly until 2100, per 

state and type of fuel. The monthly fuel consumption was used to calculate the percentage of 

monthly use, which was assumed constant for the period of projections: before 2000, the 

monthly distribution of 2000; and after 2022, the distribution of 2022.  

Once we have the fleet and fuel for the same period and regions, we estimate the 

consumer-adjusted fleet, which is the fleet that matches the fuel consumption by each state and 

year. The process consists of running VEIN to estimate fuel consumption to compare with fuel 

consumption sales. Then, we calculate the ratio between modelled and actual fuel consumption, 

using this ratio to correct the initial estimated number of vehicles. This approach assumes that on 

average, the number of distances is the same for each type of vehicle, varying by age of use. 

Mileage estimates were based on odometer readings from Brazil27. The resulting fleet estimates 

produce fuel consumption values that closely match recorded fuel sales, with a 

consumption-to-sales ratio approximately equal to one. This consistency provides confidence in 

the accuracy of the fleet model and serves as a basis for estimating vehicular emissions.  

While the projection of the fleet and fuel in the past relies on assumptions, the uncertainty it 

introduces is minimized by our "top-down" constraint method. The most critical parameter in our 

inventory is the total fuel consumption, which depends on the highly reliable official sales data 

from the National Agency of Petroleum, Natural Gas and Biofuels26. Because fuel consumption 
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in the 1960s and 1970s represents a small fraction of the totals observed during the peak 

emission decades (1990s and 2000s), the sensitivity of the total inventory to the specific 

back-casting factor is low (see Before calculating emissions, however, it is necessary to account 

for appropriate emission factors. Figure S.39).  

2.2. Emission Factors 

Emission factors in VEIN are based on the official vehicular emissions inventory for São Paulo7. 

These factors come from dynamometer laboratory tests where vehicles undergo a driving cycle 

that represents the average trip in the city. However, several studies have shown that these do not 

represent real-world emission factors produced, for example, by intense instantaneous changes in 

speed and power28. On the other hand, tunnel studies measure air composition inside and outside 

tunnels simultaneously to calculate emissions factors29,30. In São Paulo, Brazil, studies have been 

conducted to determine which emission factors for light and heavy vehicles from 

tunnels31,32,33,34,35. The authors noted a trend of lower emission factors over time, although still 

higher than those reported by laboratory studies7.  

Nogueira et al. (2021)34 and Gavidia-Calderón et al. (2021)36 respectively found that corrected 

emissions factors in VEIN performed better with observations than laboratory studies when used 

to model air quality at a mesoscale with WRF-Chem37 and at street level with MUNICH38. To 

address the gap between emissions factors measured in real-world and laboratory studies, we 

used emissions factors adjusted with tunnel measurements7,34. The tunnel adjustments resulted in 

factors for CO and VOC between 2.6 and 4.8, NOX between 0.8 and 1.3, and particulate matter 
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between 1.6 and 4.1. The emission factors used in this study are shown in the supplementary 

material section, Figures S3 and S4.  

SO2 emissions depend on the content of sulfur in fuels, which has been regulated since the early 

2000s in Brazil39. In 2001, the allowed sulfur content was 3500 ppm, with 2000 ppm in the main 

cities, which decreased over time. To account for the spatial variation in sulfur, we assumed that 

São Paulo implemented stricter regulations before other states. The results of the sulfur content 

used in this study are shown in Figure S5. 

Evaporative emission factors were converted to g/km following the approach of Ibarra-Espinosa 

et al. (2020)40. As evaporative emissions depend on temperature, between 1960 and 2022 we 

used average monthly temperatures in each state capital in Brazil, available at the Brazilian 

Institute of Meteorology41. For the projections between 2023 and 2100, we used the Coupled 

Model Intercomparison Project (CMIP6) ensemble mean data calculated from all the available 

models42 and the Shared Socioeconomic Pathway (SSP) 1.9, 4.5, and 8.5. The temporal 

temperature variation for the mentioned period is shown in Figure S6. Furthermore, we 

investigated the positive feedback between the projected temperature and the evaporative 

emissions by applying the Regression Model with Segmented Relationship(s)43.  

Finally, emission factors from tire, brake and road wear were taken from the European Emissions 

Guidelines44. Moreover, for particulate matter (PM) speciation into BC and Organic Carbon 

(OC), we used field measurements conducted by Pereira et al. (2023)35, where PM components 

and their respective emissions factors were quantified in different tunnels in the city of São Paulo, 

which represent emissions from both light-duty and heavy-duty vehicles. These EFs were 
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obtained with tunnel measurements in 2018; thus they were influenced by exhaust and 

non-exhaust emissions, including road dust resuspension. To avoid interference from this dust 

source, a correction was performed to use the PM EF data (OC, BC, NO3
-, SO4

2-, and other 

PM2.5). The chemical composition of road dust collected inside the tunnels (Hetem and Andrade, 

2016) was adopted to discount its contribution, considering aluminum oxide (Al2O3) as an 

exclusive road dust tracer. The ratios of pollutant to Al2O3 were used to account for the road dust 

contribution (Table S2). Then, the percentages of pollutants to non-dust PM2.5 were recalculated 

and incorporated into the “pm2025” speciation module, included in the latest version of the 

VEIN model17   

2.3. Emissions 

We used the Vehicular Emissions INventory model (VEIN), version v1.2.0, which is an R 

package with Fortran subroutines17. One key characteristic of VEIN is the calibration of fleet 

activity with fuel sales before estimating emissions. In VEIN, datasets are typically processed as 

data.table45, which optimizes handling, and then converted to spatial features46 to enable efficient 

geo-mapping. VEIN also employs automatic units management functions from the R package 

units47.  

For this work, emissions for the years 2018 and 2019 were gridded into surface fluxes with a 

spatial resolution of 0.1 degree to match CAMS-GLOB-ANT 6.2 global emissions inventory19. 

We provide scripts to grid emissions outputs according to user needs in the URL 

https://github.com/ibarraespinosa/musica_vein. The process consists of first distributing the 

emissions into roads, in this case from OpenStreetMap48, and gridding the fluxes. Map data are 
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copyrighted by OpenStreetMap contributors and available at https://www.openstreetmap.org49. 

Once the emissions were estimated, we applied a speciation of non-methane hydrocarbons 

(NMHC) by type of vehicle, fuel, and emissions standard, tuned for Brazil50. The list of NMHC 

species can be seen in Table S3.  VEIN includes functions to group NMHC species into chemical 

mechanisms following Carter (2015)51. We used five hydrocarbon speciations, exhaust and 

evaporative from light-duty gasoline and ethanol vehicles, and only exhaust for all diesel 

vehicles. Then, the species were grouped into the same species as CAMS.  

To construct the emissions input for this study, a hybrid global anthropogenic emissions dataset 

was created, using CAMS-GLOB-ANT 6.2 as the base inventory. Within Brazil, the 

CAMS-GLOB-ANT 6.2 emissions were replaced with VEIN estimates for the road 

transportation sector specifically. Its development relies on integrating foundational inventories 

EDGAR v5.052 for historical data and CEDS to extrapolate emissions forward, ensuring temporal 

consistency and coverage for recent years required by atmospheric models53. 

2.4. MUSICA model 

The Multiscale Infrastructure for Chemistry and Aerosols (MUSICA) is an advanced modeling 

framework20 developed by the National Science Foundation National Center for Atmospheric 

Research (NSF NCAR). MUSICA aims to integrate various scales and processes of atmospheric 

chemistry and aerosol modeling, with the goal of  a more comprehensive understanding of air 

quality, climate interactions, and related processes. MUSICA uses a variable-resolution grid, 

enabling finer resolution in regions of interest (e.g., urban areas) while maintaining coarser 
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resolution elsewhere, thereby combining global, regional, and local-scale processes in a single 

framework.  

Specifically, MUSICA version 0 (hereafter MUSICAv0) is a configuration of the Community 

Atmosphere Model with chemistry (CAM-chem), a component of the Community Earth System 

Model (CESM), that uses the spectral element dynamical core presented in Lauritzen et al., 

(2018). We use the same grid presented and evaluated in Lichtig et al., (2024)54. The nominal 

spatial resolution is approximately 100 km (ne30) with a refinement of about  28km (ne30x4) 

over South America. Following Lichtig et al., (2024)54, we use the year 2018 as a spinup for the 

atmospheric chemistry (CAM-chem) using spinup land and atmospheric initial conditions, and 

we analyze results for 2019. The gas-phase chemical mechanism is MOZART-TS1.255 and the 

aerosol scheme is the Modal Aerosol Module (MAM4) with volatility basis set (VBS) secondary 

organic aerosols56,57. The meteorological dataset used to nudge wind and temperature  conditions 

comes from Modern‐Era Retrospective Analysis for Research and Applications, Version 2 

(MERRA‐2)58. Fire emissions are taken from the Fire INventory from NCAR version 2.5 

(FINNv2.5)59, anthropogenic emissions from CAMS-GLOB-ANTv6.219, and the Model of 

Emissions of Gases and Aerosols from Nature (MEGAN) version 2.1 online in CESM for 

biogenic emissions60. The CAMS-GLOB-ANT 6.2 inventory provides comprehensive global 

gridded emissions with 0.1°x0.1° spatial resolution for key air pollutants and greenhouse gases 

across numerous anthropogenic sectors, updated regularly to support atmospheric modeling19. 

MUSICAv0 was run on the derecho supercomputer, at the NSF National Center for Atmospheric 

Research61. 
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For the evaluation of MUSICAv0 we utilized surface station data from South America, primarily 

downloaded from official government environmental agencies. Specifically, data for Chile were 

obtained using the R package AtmChile62. For Brazil, the R package QualR63 provided data sites 

in Rio de Janeiro and São Paulo. Data for Peru was obtained with the R package limaair64. Data 

for Ecuador were accessed via the R package AirEcuador65. In the case of Colombia, we use 

hourly observations from the SISAIRE monitoring network66, which were quality controlled 

following Casallas et al., (2024)67. For other South American countries, daily resolution data 

(median, minimum, and maximum) were downloaded directly from https://aqicn.org/. Table S3 

in the supplementary material includes the list of stations used in this study, and Figure S30 

shows the corresponding map. 

3. RESULTS 

3.1. Activity 

The national projection of fuel consumption is shown in Figure 1. Observed data are represented 

by filled circles over a gray background, while projections are shown both before and after these 

observations. Diesel is the most consumed fuel (millions of tons), followed by gasoline and then 

ethanol. However, there are strong regional and compositional differences. Considering the year 

2018, the state with more consumption was São Paulo (SP) with 27%, followed by Minas Gerais 

(MG) with 11% and Paraná with 9%. The state with the largest ethanol consumption is SP with 

51%, followed by MG with 13%, and PR with 8%. Regarding gasoline, the largest consumption 

is again SP with 22%, then MG with 9%, and Rio Grande do Sul (RS) with 9%. Finally, the 
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consumption of diesel is dominated by SP with 22%, MG with 12%, and PR with 10%. A table 

with all state abbreviations is shown in Table S4. 

 

 

Figure 1. a) Fuel consumption in Brazil from 1960 to 2100 (million t/year) by year, type of fuel, 

and fuel consumption (data) and their projections, and b) fuel consumption in Brazil in 2018 by 

state and type of fuel (million t/year). The grey rectangle in panel a) indicates the years with 

available registry data.  

3.2. Emissions estimates 

3.2.1. CO2 

Figure 2 presents the estimated trends of total CO2 and fossil fuel CO2 (FFCO2) emissions 

originating from Brazil's road transportation sector for the period 1960-2100. These emissions 

were calculated using the VEIN model, with results disaggregated by fuel type: Diesel (D), 
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Ethanol (E), and Gasoline (G). The FFCO2 is derived by excluding the biogenic carbon 

component associated with the biofuels used. This involved removing CO2 attributed to the 

combustion of 100% ethanol fuel, 27% ethanol blended into gasoline, and 8% biodiesel blended 

into diesel. For comparative purposes, corresponding road transport sector emissions from three 

global inventories, EDGAR v8.11, EDGAR v5.052, CEDS v2024_07_0868, and 

CAMS-GLOB-ANT v6.219 are overlaid as lines in both panels. 

A key observation from Figure 2 is the general agreement in historical trends and magnitudes 

between the VEIN model estimates and the global inventories, particularly EDGAR v8.1 and 

CEDS v2024_07_08. This consistency is evident for both total CO2 and, notably, for FFCO2 

emissions. Such alignment is expected, as CO2 emissions are primarily driven by fuel 

consumption (activity data), which is often more consistently represented across different 

datasets compared to emission factors for other pollutants. The VEIN estimates, based on 

national fuel consumption statistics, capture the overall trajectory of Brazil's road transport CO2 

emissions as reflected in major global inventories. While minor variations exist, the overall 

consistency underscores the robustness of the activity data and modeling approaches for CO2 

from this sector, implying that discrepancies observed for non-CO2 pollutants between 

inventories are likely dominated by differences in emission factors. However, discrepancies arise 

in the emission estimates prior to 1980. Since our projections extend fuel use backward before 

2000, and given that literature-based estimates may incorporate more historical data for Brazil, 

we may be underestimating past emissions during this earlier period. 
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Figure 2. Emissions of CO2 from the transportation sector in Brazil (1960–2100) by fuel type 

(left). The figure also includes fossil fuel CO2 (FFCO2), representing CO2 emissions, excluding 

contributions from ethanol and biodiesel (right). Historical emissions from EDGAR v5.053, 

EDGAR v8.11, CEDS v2024_07_0868, and CAMS-GLOB-ANT v6.219 are overlaid for 

validation. 

3.2.2. Air pollutants other than CO2 and NMHC 

Figure 3 compares historical (1950-2100, with projections extending based on VEIN) road 

transportation emissions for Brazil estimated using the VEIN model against four global 

inventories: CAMS-GLOB-ANT v6.2, EDGAR v5.0, EDGAR v8.1, and CEDS v2024_07_08. 

The panels display emissions for various key pollutants, including BC, CH4, CO, Nitrous Oxide 

(N2O), Ammonia (NH3), NOX, OC, Particulate Matter (PM10 and PM2.5), and SO2. NO and NO2 
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are estimated separately in VEIN. VEIN estimates are shown as stacked bars representing 

contributions from Diesel (D), Ethanol (E), and Gasoline (G) fuels, while the global inventories 

are overlaid as lines. In addition, we investigated the influence of the type of vehicle and fuel on 

each pollutant. For instance, 80% of CO is emitted by vehicles consuming gasoline or ethanol, 

while diesel vehicles emit 91% of NOX and 85% of BC, as shown in Figure S7. 

The VEIN emission estimates show distinct temporal patterns influenced by fuel consumption, 

fleet characteristics, emission factors derived from real-world measurements, and the 

implementation sequence of Brazilian vehicle emission standards (PROCONVE for light- and 

heavy-duty vehicles; PROMOT for motorcycles). Peak emissions for most pollutants occurred 

between 1990 and 2015: CO peaked in 1993 (8553 Gg y-1), NOX and CH4 in 2000 (1467 and 122 

Gg y-1, respectively), BC, OC, PM2.5, and PM10 in 2001 (53, 38, 106, 110 Gg y-1, respectively), 

SO2 in 2008 (210 Gg y-1), and NH3 in 2014 (41 Gg y-1). Under a business-as-usual scenario 

reflecting projected fleet and fuel consumption growth, N2O emissions are expected to continue 

rising, reaching a maximum of approximately 22 Gg y-1 by 2100.   

Comparing VEIN with the global inventories reveals substantial differences for most non-CO2 

pollutants, including BC and OC. VEIN frequently estimates different peak emission magnitudes 

and timings compared to CAMS-GLOB-ANT v6.2, EDGAR 8.1 and 5.0, and CEDS 

v2024_07_08. For instance, while EDGAR and CEDS v2024_07_08 often show peaks around 

2000 for many species (e.g., BC, OC, PM), VEIN's peak values can occur earlier (e.g., CO) or 

later (e.g., NOX, CH4) and generally reach higher magnitudes. CAMS often displays significantly 

later peaks (e.g., ~2010-2015 for BC, OC, and NOX). Furthermore, it is clear how 

 

21 

 



CAMS-GLOB-ANT v6.2 emissions agree with EDGAR 5.0, the basis emissions model for 

CAMS. Then, it is possible that a newer version of CAMS-GLOB-ANT v6.2 will agree with 

EDGAR 8.1.  

These discrepancies across the range of non-CO2 species strongly suggest that variations in 

emission factors are the primary driver of differences between the regional VEIN model and the 

global inventories. While CO2 emissions are largely constrained by fuel consumption data 

(activity data), the emission rates of other pollutants are highly sensitive to assumptions about 

vehicle technology, after-treatment systems, operating conditions, and fuel properties, which 

likely differ between VEIN's bottom-up, potentially locally tuned approach and the more 

generalized methodologies used in global datasets. Furthermore, analysis indicates a growing 

future significance of non-exhaust particulate matter from tire and brake wear (included in 

PM10/PM2.5 totals), which lack specific control technologies in Brazil. Specifically, in 2032 is the 

first year where wear emissions will be higher than exhaust, with a  factor of 1.04. After that, this 

factor will grow up to, and stabilize at 1.4 in 2048. Because non-exhaust emissions have 

documented deleterious effects on both human health and ecosystems, it is key that future 

environmental policies account for and mitigate these sources to ensure the long-term protection 

of the population and the environment69.  
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Figure 3. Emissions trends for BC, CH4, CO, N2O, NH3, NOX, OC, PM10, PM2.5, and SO2 from 

the transportation sector in Brazil from 1960 to 2100, as modeled using VEIN. The results are 

categorized by fuel type: diesel (D), ethanol (E), and gasoline (G). Historical emissions from 

EDGAR v5.053, EDGAR v8.11, CEDS v2024_07_0868, and CAMS-GLOB-ANT v6.219 are 

overlaid for validation. The vertical lines represent the 2018 and 2019 years used in the MUSICA 

air quality simulation. 

3.2.3. Exhaust and evaporative NMHC 

Figure 4 presents estimated NMHC emissions from Brazil’s road transportation sector. The first 

panel shows the historical trend of total NMHC emissions (exhaust + evaporative) calculated 

using the VEIN model (VEIN Historic), compared to four global inventories: EDGAR v5.0, 

EDGAR v8.1, CEDS v2024_07_08, and CAMS-GLOB-ANT v6.2. The VEIN projected curve 

includes future evaporative NMHC emissions (2020–2100) under three SSP scenarios, 

representing approximate radiative forcing targets of 1.9, 4.5, and 8.5 W m-2 by 2100. Since the 

projection applies only to evaporative emissions (which contribute a smaller share compared to 

exhaust), the projected values are similar and closely aligned; hence, they are plotted with the 

same color. However, they are not identical. 

The historical comparison reveals notable differences in peak magnitude and timing. VEIN 

estimates a peak in 1993, significantly higher than EDGAR v8.1 and CEDS v2024_07_08, which 

both peak around 2000. Nevertheless, the overall trend (a rise followed by a decline) is consistent 

across VEIN, EDGAR v8.1, and CEDS. In tandem, CAMS-GLOB-ANT v6.2 and EDGAR v5.0 

show a later and higher peak around 2010–2015. These discrepancies underscore the sensitivity 
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of NMHC estimates to differences in methodology and input data. As with other non-CO2 

pollutants, the magnitude of these differences likely stems from the emission factors used: VEIN 

relies on region-specific, real-world measurements, while global inventories tend to apply more 

generalized values. 

 

Figure 4. Emissions of non-methane hydrocarbons (NMHC). The lines represent the Historical 

emissions from EDGAR v5.053, EDGAR v8.11, CEDS v2024_07_0868, and CAMS-GLOB-ANT 

v6.219 are overlaid for validation. The magenta lines (three lines) show future projections based 

on Shared Socioeconomic Pathways (SSP1-1.9, SSP4-4.5, SSP5-8.5). They were colored with 

the same color because the values are very close, avoiding the unnecessary inclusion of more 

colors in a longer legend. The vertical lines represent the 2018 and 2019 years used in the 

MUSICA air quality simulation. Distinct evaporative emissions are shown in Figure 5. 
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3.2.4. Positive Feedback 

Evaporative emissions projected in the future are shown in the first panel of Figure 5. Here we 

see that starting in the 2050s, the spread of the values increases with an increasing difference 

between emissions based on temperature extremes. To further investigate the influence of 

temperature on projected evaporative NMHC emissions, a segmented regression analysis was 

performed using established methods43, as shown in the right panel. The VEIN projected 

estimation exhibits a sharp decline from 2020 until approximately 2050 as a result of the 

technologies associated with the emissions controls and turnover fleet. Interestingly, after 2050, 

the projections show a slight increase and a growing divergence between the scenarios. This 

suggests a potential temperature influence on evaporative processes becoming more apparent in 

the long term under warmer scenarios (like the 8.5 W m-2 pathway), although the overall 

magnitude of evaporative emissions remains low in this future period compared to historical total 

NMHC levels. This projected increase in evaporative emissions contrasts with the expected 

continued decline in exhaust NMHC emissions due to stricter vehicle standards. 

The analysis focused on the period after the initial sharp decline in evaporative emissions 

(post-2020, as shown previously) revealed a statistically significant "hockey-stick" relationship 

between projected temperature pathways and evaporative NMHC emissions. A breakpoint was 

identified around the year 2053, after which evaporative emissions exhibit a statistically 

significant increasing trend. This increase is positively correlated with temperature and is notably 

more pronounced under the warmer SSP2-4.5 and SSP5-8.5 scenarios. Given that atmospheric 
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oxidation of NMHC contributes to CO2 formation, this temperature-driven increase in 

evaporative emissions suggests a potential positive feedback mechanism. 

 

 

Figure 5. Evaporative emissions of non-methane hydrocarbons (NMHC) projections based on 

Shared Socioeconomic Pathways (SSP 1.9, SSP 4.5, SSP 8.5) (left) and segmented regressions 

(right) (Gg). 

3.2.5. Emission maps 

Figure 6 presents a spatial comparison of annual average road transport emissions for selected 

pollutants over Brazil, contrasting estimates from the regional VEIN model with the global 

CAMS-GLOB-ANT v6.2 inventory for the year 2018. The figure displays results for CO in panel 
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a, NOX in panel b, and Alcohols in panel c. For each pollutant, maps depict the spatial 

distribution estimated by VEIN, CAMS, and the absolute difference between them (VEIN - 

CAMS-GLOB-ANT v6.2). We selected CO because it mostly represents emissions from 4-stroke 

engines, NOX for diesel engines, and alcohols due to  their unique alcohol presence in Brazilian 

fuels. The comparisons reveal distinct patterns for each species. For both CO and NOₓ, the 

CAMS-GLOB-ANT v6.2 inventory generally estimates higher annual average emissions than 

VEIN, particularly in southeastern Brazil, as shown with  negative values (blue shading) in the 

difference maps for these areas, which are also depicted in Figure 3. While both models capture 

the general location of major source areas, CAMS tends to show higher emissions in capitals, 

while VEIN shows more differences across states. 

Furthermore, VEIN appears to capture emission patterns along major regional highway corridors 

compared to the more diffuse patterns in CAMS, possibly due to incorporating more detailed or 

updated road network data (e.g., from OpenStreetMap). These differences likely reflect variations 

in spatial proxies and the representation of fleet characteristics (especially relevant for NOX from 

diesel vehicles).  In contrast, the comparison for Alcohols (Figure 6) shows a different pattern 

where spatial allocation is key. VEIN estimates are significantly higher than CAMS-GLOB-ANT 

v6.2 in São Paulo state (strong positive differences, red shading), while CAMS emissions are 

more diffuse and sometimes higher in surrounding, lower-emission areas. This spatial pattern in 

VEIN aligns well with known activity, as the São Paulo state region accounts for the highest 

ethanol consumption within Brazil's vehicle fleet. 
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Therefore, while total values from CAMS might be comparable or higher, VEIN's spatial 

allocation appears more realistic for this biofuel-related emission, and this difference in spatial 

representation is particularly pronounced for alcohols compared to the other pollutants examined. 

This highlights the critical impact of specific biofuel representation and detailed activity data 

allocation in the regional VEIN model compared to the more generalized approach of the global 

CAMS-GLOB-ANT v6.2 inventory. These examples underscore that differences between 

regional and global emission estimates vary substantially by pollutant in terms of magnitude, 

spatial allocation, and even the direction of the difference. Furthermore, a comparison of 

domain-averaged monthly emission cycles revealed distinct differences in seasonality between 

VEIN and CAMS-GLOB-ANT v6.2 for several key species, with VEIN generally exhibiting 

more pronounced monthly variations (see Figure S29). These significant discrepancies in both 

magnitude and spatial distribution have important implications for accurately modeling regional 

air quality impacts in Brazil. This also reflects the importance of the development of local 

emissions inventories. The spatial maps for the other pollutants are shown in the supplementary 

material. 
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Figure 6. Emissions fluxes of CO (a), NOX (b), and alcohols (c) from VEIN and 

CAMS-GLOB-ANT v6.2 (denoted as cams) including the differences, 0.1ox0.1o kg m-2 s-1 for the 

year 2018. 

3.3. Air quality in Brazil 

The air quality evaluation indicated that the strongest agreement between MUSICA and 

observations was generally found in Brazil (specifically in São Paulo and Rio Grande do Sul 

states) and Chile. Figure S32 shows the correlation coefficients between MUSICA simulations 

and observations from the available stations, calculated using the R package eva3dm70. Likewise, 

Figure S33 shows the normalized mean bias as a percentage. However, considerable variability 

exists in the results; correlations tend to be weaker in regions with more complex terrain, city 

size, and other parameters. In addition, Pachon et al. (2024)71 show that the size of the city is also 

an important factor to model air quality. It is important to consider that global emissions 

inventories often have limitations in South America17,72. Consequently, local efforts have been 

undertaken to develop regional emissions inventories for South America73,74. Furthermore, the 

analysis indicated that the use of data from the AQICN website is not recommended due to the 

lower correlations observed when compared with data from official state networks.  

3.3.1. CO 

The air quality evaluation demonstrated generally good agreement between the MUSICA 

simulations and station-level observations (Figure 7). We employed a hierarchical approach 

wherein observations from state networks, such as CETESB (Brazil) and SINCA (Chile), were 
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prioritized for selection. Data obtained from the AQICN webpage were generally found to be 

less reliable, exhibiting discrepancies when compared to state observations available for the same 

cities. In this section, we present comparisons specifically with stations in Brazil; the comparison 

with other countries is provided in the supplementary material. The comparison between 

MUSICA using only CAMS emissions and MUSICA using CAMS combined with VEIN 

emissions showed very similar results for most pollutant concentrations, with the notable 

exception of CO, for which MUSICA-CAMS yielded higher concentration values, although the 

difference is small. This difference is attributed to the higher values present in the CAMS 

emissions inventories, as previously discussed.  

Figure 7 shows the monthly mean CO concentrations (in ppb). The red line represents 

simulations from MUSICA-CAMS, the green line represents MUSICA-CAMS combined with 

VEIN emissions, the blue line corresponds to observations from CETESB (the environmental 

agency of São Paulo state), and the purple line shows observations from FEPAM (the 

environmental agency of Rio Grande do Sul state). The overall average CO concentration across 

these stations is 222.9 ppb for MUSICA-CAMS and 163.9 ppb for MUSICA-CAMS+VEIN. The 

shaded area represents half of the standard deviation (0.5σ). Given the longer operational periods 

and thus higher reliability of CETESB observations, the y-axis scale for the comparison was 

limited between 0 and the maximum observed values from CETESB. This scaling excluded some 

observations with excessively high values, such as those recorded at the Guaiba Parque station. 

We also observe that simulations  in Sao Paulo capture a seasonal peak during the dry period 

(June-August), which is not reproduced by the MUSICA simulation, likely due to its spatial 
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resolution of ~25 km. This is further supported by the greater agreement found at more regional 

or intercity stations, such as Triunfo Polo, compared to street-level stations like Pinheiros. A 

comprehensive list of stations and their coordinates can be found in Table S5, and a map in 

Figure S32. The station Guaiba Parque, located in south Brazil, has surprisingly high values. We 

contacted the environmental agency to double-check the units and location of the station. Then, 

more research is needed to investigate this station, since it may be impacted by a local source not 

available in current inventories. 
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Figure 7. Comparison between MUSICA CAMS, MUSICA-CAMS+VEIN, observations from 

the environmental protection agency in Brazil São Paulo CETESB (https://cetesb.sp.gov.br/ar/) 

and Rio Grande do Sul (https://www.fepam.rs.gov.br/ar) as monthly mean of CO (in ppb) for 

2019. 
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The differences observed in the time series extend spatially, as shown in Figure 8, where we see 

annual differences in CO concentrations between the MUSICA-CAMS and 

MUSICA-CAMS+VEIN simulations. More significant differences are indeed observed in 

Southeast Brazil, a region characterized by a larger vehicle fleet and fuel consumption. A small 

increment in CO concentrations is also visible in Central-West Brazil, specifically in the state of 

Acre. The availability of a detailed spatial emissions inventory like VEIN allows for a clearer 

representation of spatial differences among air quality model scenarios. 
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Figure 8. Annual difference between MUSICA-CAMS and MUSICA-CAMS+VEIN CO (in 

ppb) for the year 2019. 

3.3.2. O3 

For the case of O3 and the rest of the analyzed pollutants, there was no clear difference between 

the MUSICA-CAMS and MUSICA-CAMS+VEIN simulations, with respective monthly means 

of 2.7 ppb and 2.8 ppb for the 2019 year. Therefore, the plot shows only one curve for these 
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pollutants. In Figure 9, the fixed scale also means that the FEPAM values are not clearly visible. 

Observations are generally higher than the simulations, indicating an underestimation of 

emissions. Again, more suburban or regional stations, such as Pico do Jaraguá, which has wider 

representativity standing at the top of the mountain, show better agreement, with an average 

difference of 2.0 ppb. Furthermore, there is a good agreement with the remote site Amazon Tall 

Tower Observatory (ATTO). Nevertheless, the model is able to capture the seasonal trend for 

most of the stations. 
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Figure 9. Comparison between MUSICA CAMS, MUSICA-CAMS+VEIN, observations from 

the environmental protection agency in Brazil, Sao Paulo CETESB (https://cetesb.sp.gov.br/ar/), 

Amazon Tall Tower Observaory (ATTO, https://www.attoproject.org/)  and Rio Grande do Sul 

(https://www.fepam.rs.gov.br/ar) as monthly mean of O3 (ppb). 

3.3.3. PM2.5 

The comparison with PM2.5 in Brazil resulted in a really good agreement between MUSICA and 

observations, as shown in Figure 10. The average values for MUSICA-CAMS, 

MUSICA-CAMS+VEIN, and CETESB were 14.9 μg m-3, 14.9 μg m-3, and 16.8 μg m-3, 

respectively. Differences between MUSICA-CAMS and MUSICA-CAMS+VEIN at the station 

level were on the order of one decimal place. Seasonality is also captured; however, the mid-year 

peak associated with the dry season is not fully reached by MUSICA. Overall, this constitutes a 

very good result, as it represents the first evaluation of MUSICA with surface stations in Brazil 

for PM2.5. 
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Figure 10. Comparison between MUSICA CAMS, MUSICA-CAMS+VEIN, observations from 

the environmental protection agency in Brazil Sao Paulo CETESB (https://cetesb.sp.gov.br/ar/) 

and Rio Grande do Sul (https://www.fepam.rs.gov.br/ar) as monthly mean of PM2.5 (μg m-3). 

3.3.4. NO2 

The comparison for NO2 shows that MUSICA is able to represent the seasonality of the 

observations, although with a smaller magnitude, as shown in Figure 11. Better agreement is 

found at Ibirapuera Park, followed by Interlagos. In contrast, the biggest discrepancies are found 
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at Marginal Tietê - Ponte dos Remédios, a street-level station, and Congonhas, a station located 

next to a busy airport. Interestingly, at the Pico do Jaraguá station, the model values are slightly 

higher than the observations. The FEPAM observations agree well with MUSICA, since it is 

located in an urban area smaller than Sao Paulo, near the Guaiba River (see supplementary 

information for location). 
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Figure 11. Comparison between MUSICA CAMS, MUSICA-CAMS+VEIN, observations from 

the environmental protection agency in Brazil São Paulo CETESB (https://cetesb.sp.gov.br/ar/), 

Amazon Tall Tower Observaory (ATTO, https://www.attoproject.org/)  and Rio Grande do Sul 

(https://www.fepam.rs.gov.br/ar) as monthly mean of NO2 (ppb) for 2019. 
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3.3.5. NO 

Observed NO concentrations are generally higher than the model simulations, particularly at 

street-level stations, similar to the previous analysis (see Figure S31). Again, better agreement is 

found at the Pico do Jaraguá station. Previous WRF-CHEM simulations evaluated at the same 

stations also showed a negative bias for NO50. These results would suggest that emissions of NO 

(likely from traffic, industrial sources, or others) are underestimated in the model. However, a 

clear peak in observed NO occurs around June–August (JJA), corresponding to São Paulo's dry 

season. This seasonal peak is physically consistent with reduced rainfall and convective mixing 

leading to less vertical dispersion of pollutants, more frequent thermal inversions trapping 

pollutants near the surface, and more stable atmospheric layers enhancing the accumulation of 

primary pollutants like NO75. 

3.4. Air quality outside Brazil 

The evaluation of MUSICA simulations against surface observations outside of Brazil revealed 

varying degrees of agreement across different countries and pollutants. Notably, stations in Chile 

and Colombia generally exhibited high correlation coefficients between observed and modeled 

pollutant concentrations, as shown in correlation Figure S31. This suggests a reasonably good 

performance of the modeling system in capturing the temporal dynamics of air pollutants in these 

regions. Furthermore, monitoring sites in Argentina (ARG) and Ecuador (ECU) also 

demonstrated good correlations for specific pollutants. The model performance, in terms of 

correlation, was strongest for O3, followed by NO, and NO2. 

 

43 

 



4. IMPLICATIONS 

This study developed a comprehensive, long-term (1960-2100) vehicular emission inventory for 

Brazil, utilizing the VEIN model and localized emission factors from real-world tunnel 

measurements to accurately represent the region's unique biofuel and fleet composition. 

Applying emission factors from São Paulo to national level is a limitation. However, the 

southeast region in Brazil, where São Paulo is located, is the most economically powerful and, 

according to national statistics, contains approximately 70% of the entire national vehicle fleet76. 

That said, other regions such as rural or river dominated regions such as Amazon, may exhibit 

different emission and meteorological characteristics77,78. For instance, it is possible that in 

remote areas there is prevalence of poorly maintained and older fleets, leading to higher 

emission. Consequently, this regional extrapolation represents a source of uncertainty in our 

national totals, highlighting the need for future measurement campaigns in diverse Brazilian 

socio-economic contexts. Furthermore, currently Brazil lacks a Inspection & Maintenance 

program that would remove high emitter vehicles from circulation79, implying that despite 

fuel-based activity and tunnel-corrected emission factors, emissions may be underestimated. 

 Our estimates revealed distinct historical emission patterns, with peaks for major pollutants like 

CO, NMHC, and PM2.5 occurring in the 1990s and early 2000s. Crucially, comparisons with 

widely used global inventories (EDGAR, CEDS, CAMS) showed significant differences in the 

magnitude and timing of non-CO2 pollutant peaks, highlighting the necessity of region-specific 

data over generalized global defaults for accurate pollutant source representation. While CO2 

emissions aligned better with global inventories due to their reliance on consistently represented 
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fuel consumption data, the analysis also noted the growing importance of non-exhaust particulate 

matter from tire, brake, and road wear in future PM projections, for which Brazil currently lacks 

emission control standards. A novel finding projected under different Shared Socioeconomic 

Pathways (SSPs) is a potential positive climate feedback mechanism where rising temperatures 

after approximately 2050 could increase evaporative NMHC emissions, leading to the formation 

of CO2 and other greenhouse gases. 

The integration of the VEIN inventory into the MUSICAv0 model for air quality simulations 

over Brazil, alongside global emissions elsewhere, provided an indirect evaluation of this new 

dataset. The model demonstrated good agreement with surface observations, particularly for 

PM2.5, effectively capturing regional concentration levels and seasonal cycles. However, simply 

combining VEIN with CAMS emissions did not yield better agreement than CAMS alone, and 

limitations were observed in reproducing local-scale peaks of primary pollutants (CO, NO, NO2) 

at street-level stations and during the dry season. These findings suggest a need for finer spatial 

resolution, improved dispersion representation, or more accurate boundary layer dynamics in the 

model to fully capture localized variability and the impact of atmospheric stagnation. Overall, 

this study delivers the first century-long, high-resolution, bottom-up vehicular emission inventory 

for Brazil, offering a more realistic depiction of transportation sources than previous global 

datasets. This improved inventory and its evaluation are vital for developing effective air quality 

policies, understanding historical impacts, and projecting future climate change scenarios in 

Brazil. Future Brazilian emission standards must specifically target the unique speciation of 
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exhaust, wear and evaporative emissions to prevent air quality degradation while pursuing 

decarbonization goals. 

SUPPORTING INFORMATION 

Additional details on vehicle classifications, emission factors, and fuel consumption projections;  

historical and future fleet data for São Paulo; state-level fuel consumption trends for ethanol, 

gasoline, and diesel; regional comparisons of MUSICA CAMS output with observational data 

from environmental agencies in South America; sensitivity analyses of fleet back-projections; 

and detailed descriptions of Shared Socioeconomic Pathways (SSP) in the supplement. 
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Scripts available here https://github.com/ibarraespinosa/musica_vein and here 

https://github.com/atmoschem/vein.  
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