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Abstract 

Biomass burning is an essential contributor to smoke concentrations. It is challenging to find the 

optimal fire emission inventory to estimate fire emissions, that are crucial for predicting air quality. 

This study aims to investigate the effect of two global biomass burning emission inventories, the 

Global Fire Emissions Database 4 (GFED4) and the Quick-Fire Emissions Database 2.5 

(QFED2.5), on simulating PM2.5 concentrations in Canada. The two inventories were assessed 

using GEOS-Chem modelling system for the 2020 fire season in Canada (May-August). The 

simulated PM2.5 concentrations illustrated slight differences at the six air quality monitoring 

stations and better model performance with QFED2.5. Additionally, the results of sensitivity 

analysis showed that the Canadian biomass burning led to an increase in the concentrations of 

PM2.5, more than 42% at Fort Smith and Yellowknife stations. In conclusion, this study suggests 

that QFED2.5 is more suitable for simulating PM2.5 in the assessed regions. 
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1 Introduction 

Air pollution is a well-known global issue that deteriorates human health and affects Earth’s 

climate. Biomass burning (BB) is an important source that contributes to air pollution due to the 

combustion-driven release of various air pollutants. Smoke emitted from the burning contains 

significant amounts of particulate matter (especially fine particulate matter (PM2.5) that has 

aerodynamic diameter of  2.5 m) and gaseous pollutants that affect human health and climate. 

For example, epidemiological studies have shown that both short- and long-term exposure to PM2.5 

causes cardiovascular and respiratory diseases and mortality (e.g., 8.9 million deaths globally in 

2015) (Burnett et al., 2018; Crouse et al., 2015; Kloog et al., 2013; Lepeule et al., 2012; Pinault et 

al., 2017; Zhang et al., 2021). Additionally, BB affects Earth’s radiative balance due to the release 

of aerosols (Andreae et al., 2004; Bernstein et al., 2021; Fazel-Rastgar & Sivakumar, 2022; 

Kirsanov et al., 2020; L. Liu et al., 2020; Y. Zhang et al., 2021). For instance, L. Liu et al.(2020) 

found BB aerosol radiative forcing of +1.5 W m-2, which is a change in energy flux in the 

atmosphere, for 2016 in the Amazon Basin.  

 

It is challenging to determine BB-related PM2.5 pollution. The reasons are the difficulties of 

collecting accurate fire data such as burned area and fire size to estimate fire emissions and 

quantifying population exposure to BB-related PM2.5 pollution to determine the influence of fires 

on human health and air quality. Chemical transport modelling has been used to study the impacts 

of biomass burning on air quality by using different BB emission inventories such as the Global 

Fire Emissions Database (GFED4) (van der Werf et al., 2010) or the Quick-Fire Emissions 

Database (QFED2.5) (Darmenov & da Silva, 2013). Researchers have observed that the choice of 
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the inventory has an important impact on predicting air quality due to uncertainties related to the 

estimation of fire emissions (Ballesteros-González et al., 2020; Carter et al., 2020; Vongruang et 

al., 2017a; Xie et al., 2020). Therefore, selecting the correct BB emissions for air quality modelling 

is challenging. To contribute to the quality improvement of chemical transport model simulations 

and the development of suitable BB inventories for high BB regions, and understand the Canadian 

BB influence on local air quality, this thesis focuses on three main research questions: 

1- How do the biomass burning emission estimates change with the choice of inventory? 

2- How do different BB inventories, GFED4 and QFED2.5, affect the simulated PM2.5 

concentrations in various regions?  

3- How much of the PM2.5 concentration observed at a measurement station due to Canadian 

BB emissions?" 

This study mainly addresses the research problem and questions in three parts. The first part applies 

GEOS-Chem, a chemical transport model, to compare the emission estimations of two inventories 

to answer the first question. The second part investigates the impact of the BB inventory choice 

on modelled PM2.5 concentrations at air quality monitoring stations in British Columbia and 

Northwest Territories. Moreover, this part compares the simulated results with ground air quality 

measurement data to evaluate the model performance. The last part compares the PM2.5 

concentrations at the stations with and without Canadian BB emissions to assess the BB influence. 

Additionally, Hybrid Single-Particle Lagrangian Integrated Trajectory (HYSPLIT) model is used 

for back trajectory analysis to identify the pathways of an air parcel reaching the air quality 

monitoring stations. Finally, the Fire Information for Resource Management System (FIRMS) is 

used to validate the fire presence at the surface to help us understand if the fires are the source of 

elevated PM2.5 concentrations at the stations.  
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This thesis is divided into four subsequent sections. Chapter 2 reviews the literature by introducing 

biomass burning emissions and their effects on air quality and climate. Chapter 3 explains the 

methodology used in the modelling and the comparison of model outputs with observational data, 

while Chapter 4 presents the model results and discusses the essential outcomes from the study. 

Finally, Chapter 5 concludes the most significant outputs.  
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2 Background and Literature Review  

This chapter covers the background literature review related to the thesis's main subjects: biomass 

burning emissions and their effects on air quality. This section is divided into subsections to 

provide the main concepts needed to understand the contribution of this research. Section 2.1 

presents a brief introduction of air pollution to bring context while Section 2.2 provides 

understanding of chemical transport modelling that is the key method in this thesis. Section 2.3 

reviews the literature that is related to the main objective of this thesis, biomass burning emissions 

and their impacts on air quality and climate.  

2.1 Air Pollution 

Air pollution is a well-recognized global issue for human health and the climate. The World Health 

Organization (WHO) estimated that outdoor air pollution exposure causes 4.2 million deaths per 

year due to acute and chronic respiratory diseases, heart diseases, and lung cancer (World Health 

Organization, 2021a). WHO indicates that 91% of the global population lives in a place with air 

pollution levels that exceed WHO guideline limits. The air quality guideline limits are provided 

for PM2.5, PM10 (particulate matter with aerodynamic diameter of  10 m), nitrogen dioxide 

(NO2), sulphur dioxide (SO2), carbon monoxide (CO), and ozone (O3). For instance, WHO 

recommended the air quality guideline limit for annual average PM2.5 concentrations as 5 g/m3 

(World Health Organization, 2021b). The Global Burden of Disease Study estimated ~4.9 million 

annual premature deaths worldwide due to ambient (outdoor) air pollution exposure (K Causey, 

2019). In addition, the exposure is estimated to cause 14600 premature deaths per year in Canada 

(Health Canada, 2021).  

 

Air pollution issues are driven by the release of pollutants from various sources into the 
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atmosphere. These sources are mainly anthropogenic such as electricity and heat generation, 

industrial processes, transportation, but also include natural sources such as forest fires and 

volcanoes. With the increase of population and economic growth in Canada, the demand for 

products and services rises, which results in more air pollutant release. In 2018, among these 

various sources, transportation was the most significant contributor to the total NOX emissions in 

Canada, comprising 41% of total emissions (Environment and Climate Change Canada, 2020). 

Marine transportation and diesel vehicles were the most important contributors to this share. For 

PM2.5, the three main contributors were home firewood burning, transportation, and wildfires 

(Meng et al., 2019). Despite the population growth in Canada, the levels of NOX, O3 and PM2.5 

emissions have decreased between 1990 and 2018. This has been achieved with the 

implementation of regulations and technological advances. One of the main focuses of this thesis 

is to understand the contribution of biomass burning emissions to air quality in Canada; thus, this 

section continues with a short literature review of the impacts of PM2.5 on health, climate, and air 

quality. 

 

Biomass burning is one of the most critical contributors to particulate and gaseous emissions 

emitted by air pollution sources. According to Forster et al. (2007), it represents approximately 34 

to 38% of the carbonaceous aerosol emissions globally. A study on the impacts of Canadian 

wildfire smoke in the Northern U.S. showed that peak PM2.5 mean mainly constitutes black carbon 

(BC) and organic carbon (OC) (Dreessen et al., 2016). Wildfire smoke is a crucial worldwide 

concern due to the release of large quantities of air pollutant emissions. It is responsible for various 

environmental and health problems in the world. For example, vegetation loss, change in soil 

composition and extreme weather events are some of the concerns of biomass burning. In addition 
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to the environmental impacts, wildfire smoke affects regional and urban air quality. Significantly, 

exposure to air pollutants in the wildfire smoke negatively impacts public health. Several 

epidemiological studies have shown that short and long-term exposure to air pollution is associated 

with adverse health effects (R. T. Burnett et al., 2014; Crouse et al., 2015; Jerrett et al., 2009; M. 

Li et al., 2021; Miller & Newby, 2019; Orellano et al., 2020). Chronic exposure health risk studies 

have reported a positive correlation between long-term exposure to PM2.5 and adverse health 

consequences such as mortality, cardiovascular and respiratory disease, and asthma attacks (Chen 

et al., 2017; Hayes et al., 2020; Lepeule et al., 2012; Pinault et al., 2017; Pope et al., 2019; Thurston 

et al., 2016). Di et al. (2017) reported that long-term exposures to PM2.5 lead to increased mortality 

even at levels below the NAAQS. In Canada, the updated analysis of the Canadian Census Health 

Survey cohort (CCHS) showed that even at a low annual average PM2.5 concentration (5.9 g/m3), 

non-accidental mortality was increased with each 10 g/m3 rise in exposure (Christidis et al., 

2019). Similar results were found with analysis of the CCHS cohort and Canadian Census Health 

and Environment Cohort (CanCHEC) that even low levels of PM2.5 are linked with increased non-

accidental, respiratory, and cardiovascular mortality risks (Pinault et al., 2016, 2017). In 2021, a 

large cohort study discerned the relationship between increased non-accidental mortality risk and 

chronic exposure to PM2.5 in Ontario, Canada (Z. Zhang et al., 2021). 

 

Canada identifies four main categories of air pollutants: criteria air contaminants, persistent 

organic pollutants (POPs), heavy metals, and toxics. Criteria air contaminants are sulphur oxides 

(SOX), volatile organic compounds (VOCs), nitrogen oxides (NOX), particulate matter (PM), 

carbon monoxide (CO), ground-level ozone (O3), and ammonia (NH3) (Environment Canada, 

n.d.). The Canadian Environmental Protection Act, 1999 (CEPA) regulates the pollutants released 
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from various sources such as marine engines, off-road and on-road vehicles, and different 

industrial facilities (Ministry of the Environment, 2013). These legislations and air quality 

standards target to mitigate the concentration of air pollutants such as NOX, O3, SOX, and PM to 

protect human health and the environment from the global issues that these pollutants cause, such 

as smog formation, acid rain, and stratospheric ozone depletion. Canadian Council of Ministers of 

the Environment established a national-wide standard called Canadian Ambient Air Quality 

Standards (CAAQS) to limit the levels of air pollutants. Likewise, the United States applies 

National Ambient Air Quality Standards (NAAQS) that are set for six main air pollutants called 

criteria pollutants: carbon monoxide, particulate matter, lead, nitrogen dioxide, sulphur oxides, and 

ground-level ozone. CAAQS implements the standards for fine particulate matter (PM2.5), O3, SO2 

and NO2. For example, CAAQS sets the PM2.5 threshold to 27 𝜇g/m3 for a 24 h mean and 8.8 

𝜇g/m3 for an annual mean, while NAAQS set the threshold at a 24 h mean of 35 𝜇g/m3 and at a 

yearly mean of 12 𝜇g/m3 (Ministry of the Environment, 2013). Moreover, provinces may enact 

regulations to limit air pollution's health and environmental impact. For instance, Ontario applies 

stringent standards such as the air standards given in Ontario Regulation 419/05: Air Pollution – 

Local Air Quality. 

 

The following section of this thesis focuses on atmospheric chemical transport modelling since it 

is used to analyze the sensitivities of PM2.5 concentrations to different biomass burning emission 

inventories and to understand the Canadian biomass burning influence. 

2.2 Atmospheric Chemical Transport Modelling 

Air quality modelling is the mathematical modelling of air pollutants' behaviour in the atmosphere. 

It is a widely used technique in compliance assessment, policy or regulatory development, 
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exposure and risk assessment, and research. There are two main approaches in air quality 

modelling: Lagrangian and Eulerian. The Lagrangian models simulate the change in concentration 

with respect to a moving particle's behaviour in the atmosphere (Seinfeld & Pandis, 2006). For 

example, dispersion models are Lagrangian models that simulate air pollutants' dispersion in all 

directions without including the changes happening due to chemical reactions. For instance, 

American Meteorological Society/The Environmental Protection Agency Regulatory Model 

(AERMOD) is a more broadly used dispersion model that assumes a Gaussian distribution of 

pollutants. On the other hand, the Eulerian models are grid-based models that estimate 

concentration changes on a discrete spatial grid as it evolves spatially and temporally, including 

chemical and physical reactions between each cell and among layers. Atmospheric chemical 

transport modelling is an Eulerian model that predicts the concentration change of air pollutants 

by solving the advection-diffusion equation (ADE) (Jacobson, 2005). ADE is a fundamental 

differential equation of chemical transport models (CTMs) which have terms describing four major 

atmospheric processes: transport, chemical reaction, deposition, and emission. An Eulerian CTM 

solves the following equation for a species, 𝑖, at each timestep and grid cell (Boone & 

Arunachalam, 2014): 

𝜕𝑌𝑖

𝜕𝑡
=  −∇ ∙ (u𝑌𝑖

) +  ∇ ∙ (𝐾∇𝑌𝑖
) +  𝑅𝑖  +  𝐸𝑖

 

2.1 

Where Y𝑖 represents the concentration of a chemical species 𝑖, u is the three-dimensional wind 

field, K is molecular diffusivity, R is the net chemical reaction rate, and E𝑖 is the emission rate.  

 

CTMs include several inputs to solve the advection-diffusion equation, as shown in Figure 2.1. 

Three major inputs are initial conditions, meteorology, and emissions. The model needs to include 
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the initial conditions, such as the concentration of all species at all locations at time zero. The 

model starts with the initial conditions, and as the simulation proceeds, emissions and boundary 

conditions dominate the simulation. Therefore, the effect of initial conditions dissipates with time. 

Consequently, it is practical to start the simulations before the interest time of the study to eliminate 

the impacts of erroneous initial concentrations on the model outputs (Seinfeld & Pandis, 2006). 

The time used in the simulations to obtain a stable system in the model is called the "start-up" or 

“spin-up” period. In contrast to initial conditions, boundary conditions are more challenging to 

overcome uncertainties. The reason is that they are the concentrations of air pollutants at the edges 

of the simulation domain, which change with each simulation time. For that reason, downscaling 

the model to a regional or urban scale from a global scale model is preferred to reduce the 

uncertainties of initial and boundary conditions. Meteorological models solve dynamic 

atmospheric equations and generate atmospheric variables such as wind, pressure, mixing, and 

temperature. Several meteorological models are used to create air quality model inputs, such as 

The Weather Research and Forecast (WRF) modelling system. Among all inputs, emissions are 

the most variable input due to their dependence on different factors, increasing the likelihood of 

uncertainties (Pisoni et al., 2018; Thunis et al., 2021). For instance, biomass burning emission 

estimates rely on the burned area, burn time, fuel moisture and loading, vegetation, and fire 

effectiveness. The lack of knowledge on these activities might create inaccurate air quality 

predictions that later govern the policymaking process. 
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Figure 2.1 Air Quality Modelling Components 

CTM-based research mainly uses two methods: source apportionment and sensitivity analysis. The 

source apportionment method models the spatiotemporal fate and transport of species, including 

their chemical transformation, by tracking them from their source to the receptor in the CTM 

system. It provides an understanding of the contribution of an emission source to pollutant 

concentration. Sensitivity analysis gives information about the impact of how perturbation of 

emissions from an individual source or source groups affects the pollutant concentrations 

(Askariyeh et al., 2020). This source-specific information is crucial for benefit-cost analysis and 

risk management. The reason is that it can provide information about the impact of changes in 

emissions to air quality and public health. Atmospheric CTMs can perform sensitivity analysis by 

calculating the partial derivatives of model outputs with respect to model inputs. Unlike the source 

apportionment method, sensitivity analysis provides information about how the change in model 

input parameters affects the model outputs (Boone & Arunachalam, 2014; Joy Pappin & Hakami, 

2013). The details about the sensitivity analysis are discussed in Chapter 3.2. 
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Numerous studies use atmospheric CTMs to investigate on air quality and climate (Ballesteros-

González et al., 2020; Brown et al., 2021; Carter et al., 2020; Dreessen et al., 2016; Huang et al., 

2013; Vongruang et al., 2017a; Y. Zhang et al., 2021) . Most of these studies used CTMs that are 

Community Multiscale Air Quality (CMAQ) (Byun & Schere, 2006) and the Goddard Earth 

Observing System Atmospheric Chemistry (GEOS-Chem) model (Bey et al., 2001). For instance, 

Carter et al.(2020) used GEOS-Chem to estimate the impact of biomass burning emissions on 

smoke concentrations over North America. In a regional study, Raifman et al.(2020) quantified air 

pollution health impacts by modelling the changes in PM2.5 and O3 concentrations in CMAQ. 

These studies and more in the literature have been used to quantify health and air quality impacts, 

which helps regulators and policymakers assess strategies to mitigate the pollution. 

 

In the context of this thesis, sensitivity analysis seeks answers to the question of how a change in 

biomass burning emission inventories affects the prediction of smoke concentrations. Moreover, 

this study aims to understand the contribution of Canadian biomass burning influence on elevated 

PM2.5 concentrations at air quality monitoring stations in British Columbia and Northwest 

Territories. 

2.3 Biomass burning emissions 

Biomass burning is the burning of organic matter such as forests, savannas, and agricultural waste 

to produce fuel. It might occur naturally or due to anthropogenic activities. Natural fires originate 

from the burning of vegetation often due to ignition by lightning under dry conditions. In contrast, 

anthropogenic fires occur due to the combustion of wood and agricultural waste where ignition 

may be accidental or intentional for land use purposes (Yadav & Devi, 2019).  
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Biomass burning comprises wildfires, the prescribed (controlled) fire, and agricultural burning, 

with a large fraction from wildfires. In summer, biomass burning is dominated by wildfires in 

Canada. Wildfires are important contributors to aerosol release that can transport long distances 

and lead to air quality and climate impact. Wildfires in Canada in 2020 burned approximately 

227,389 hectares (ha), with 14,446 ha of that burning occurring in British Columbia (Canadian 

Interagency Forest Fire Centre Inc., 2020). In 2014, the burned area was the highest, with 4.5 

million ha (Minister of Natural Resources, 2020). The fire patterns have changed over the last 

decades across Canada, increasing the frequencies and occurrence of wildfires in most regions 

(Hanes et al., 2019). Moreover, burned area ramped up substantially in 2010-2014 and large fires 

that are bigger than 200 ha have increased since monitoring started in Canada. For example, the 

authors showed that large fires increased crucially in Southwestern Yukon and Western Subarctic 

with seven additional fires each year while the rate was smaller in eastern and central Canada with 

one additional fire each year (Hanes et al., 2019). According to Canadian National Fire Database, 

(https://cwfis.cfs.nrcan.gc.ca/ha/nfdb), burned area started to decrease after 2014 and suddenly 

increased in 2017, up to 4 million ha in Canada. After 2017, the number of fires is recorded the 

highest in 2018 with nearly 7,000 fires in Canada. 

 

Wildfires are complicated events that depend on various factors such as weather conditions (e.g., 

precipitation, pressure, temperature, wind), fuel availability, human activities, and natural drivers 

(Gudmundsson et al., 2014). Climate and weather conditions are the leading cause of severe 

wildfire events due to their influence on the frequency of forest fires. Researchers have found that 

the wildfire phenomenon has increased and is expected to continue increasing due to climate 

change (Abatzoglou & Williams, 2016; Gillett et al., 2004; Kirchmeier-Young et al., 2017; Vilar 

https://cwfis.cfs.nrcan.gc.ca/ha/nfdb
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et al., 2021; Westerling et al., 2006; Zou et al., 2021). Zou et al. (2021) illustrated the relationship 

between increasing wildfires in the western U.S. and a decrease in Arctic sea-ice levels. As shown 

in Figure 2.2, reduced sea-ice level exacerbates the risk of wildfires in autumn and early winter in 

the western region due to a series of following events. First, the reduced sea ice cover enhances 

surface warming by increasing the positive albedo effect. This enhanced warm air rises and reaches 

the western U.S. Therefore, the cyclonic advection from the north to the land region induces 

anticyclonic vorticity over the western U.S. When the warm air meets with the cold air over the 

regions like Alaska, a strong air current, also called a jet stream, occurs in the atmosphere. These 

incidents shift the jet stream more towards the pole; thus, surface air temperatures increase in the 

western U.S., amplifying biomass burning in this region. This shifted air stream leads to more 

precipitation in Canada whereas higher temperatures in the western U.S. 

 

Figure 2.2 The relationship between reduced Arctic sea-ice cover and increasing fire conditions. 

(Zou et al., 2021) 
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The warming climate exerts a high possibility of fire frequency and size. The main factor affecting 

the frequency of forest fires is drought (Mansoor et al., 2022). In the Pacific Northwest, the extent 

and availability of wildfires are projected to increase due to warmer temperatures and low 

precipitation (Halofsky et al., 2020). Previous studies have also shown that the fire severity and 

occurrence have increased with less rainfall and higher temperatures (Abatzoglou & Williams, 

2016; Holden et al., 2018; Westerling, 2016). The dry conditions are also prolonged throughout 

the years, resulting in more fuel ignition over a more extended period (Littell et al., 2009; 

Westerling, 2016). As illustrated in Figure 2.3, the season for fire occurrence has been growing 

over the last ten years on average, starting from May and going until September in Canada, with 

peak occurrence in July. 2021’s fire season began a bit later than 10-yr average; however, Canada 

experienced an increased fire frequency towards the end of the season. The wildfires take place in 

a wide range across the country. The largest fires, greater than 200 ha, are found in Northwest and 

West-Central Canada. 
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Figure 2.3 Seasonal fire occurrence in Canada. The weeks start from May and ends in the last 

week of September. The vertical axis represents the number of fires (Natural Resources Canada, 

2021) 

The fire risk in Canada and the U.S. is expected to rise due to human-induced climate change 

(Gillett et al., 2004; Kirchmeier-Young et al., 2017; Williams et al., 2019). Increasing human 

activities causes adverse impacts on climate, such as warming. Drier weather leads to more dry 

fuel. Thus, these regions become more prone to fires. For instance, drier climate leads the tropical 

forests in Asia and Africa converting into extratropical forests that have low albedo and 

evapotranspiration (Mansoor et al., 2022). In California, wildfire incidents and severity increased 

in 2017 and 2018 due to human-caused warming (Williams et al., 2019). Likewise, Gillet et al. 

(2004) simulated the attribution of increasing Canadian summer temperatures and indicated that 

the reason is likely to be anthropogenic forcings.  Kirchmeier-Young et al. (2017) estimated that 

the combination of anthropogenic and natural caused wildfire risk is approximately two to six 

times higher than wildfire events occurring by natural activities only in Canada. 
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Wildfires are a significant source of emissions that adversely affect air quality, climate, and human 

health. They mainly emit nitrogen dioxides (NOx), carbon dioxide (CO2), carbon monoxide (CO), 

hydrocarbons (HC) such as black carbon (BC) and organic carbon (OC), volatile organic 

compounds (VOCs), particulate matter (PM), and other compounds. The released emissions 

depend on the fuel type and conditions of the vegetation burned. For instance, deforestation and 

peat fires emit more CO and methane (CH4) than crowning fires, while BC and OC are 

predominantly emitted from forest fires. Wildfires do not only produce primary air pollutants that 

are directly emitted from the source such as CO, BC, OC, NOx and CO2, but they also contribute 

to the secondary air pollutant formation, such as secondary PM2.5 and O3.  

 

Ozone is a secondary air pollutant forming with a photochemical reaction of VOC and NOx. This 

reaction happens in the presence of sunlight and enough NOx and VOC levels. Likewise, secondary 

PM2.5 is formed due to the condensation of precursors into particles as emissions start to cool after 

releasing to ambient air. In like manner, tiny particles can collide and form larger particles that are 

still microscopic. This results in the formation of secondary particulate matter in the plume 

comprised of inorganic salts such as ammonium nitrate and sulphate. Ammonium nitrate 

(NH4NO3) particles are formed due to the interaction of ammonia with nitric acid (HNO3) vapour 

that is the product of the reaction of nitrogen dioxide (NO2) with hydroxyl radical (OH), as shown 

in Figure 2.4. 
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Figure 2.4 Nitric acid and ozone formation (Seinfeld & Pandis, 2006) 

The following subsection provides background information and literature review related to the 

biomass burning emission inventories and the impacts of the emissions on climate and air quality. 

2.3.1 Biomass burning emission inventories  

Biomass burning emissions contribute to elevating PM2.5 levels in the atmosphere. Thus, the 

emission estimates are significant for accurate predictions of aerosol impacts on air quality. 

Estimating biomass burning (BB) emissions is an intense, data-driven process due to the heavy 

use of parameterization and the high degree of spatial and temporal variability. Several BB 

emission inventories are created to be used in air quality modelling. Table 2.1 shows the most used 

global inventories in air quality modelling. This study assesses two global BB emission 

inventories: The Global Fire Emissions Database (GFEDv4) and The Quick-Fire Emissions 

Dataset (QFEDv2.5). These inventories are selected based on their availability and prevalence. 

QFEDv2.5 is available for 2020, and GFED is the most commonly used BB inventory for 

evaluating emission estimates and air quality predictions.  
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Table 2.1 Comparison of global biomass burning emission inventories 

Inventory Fire data 
Emission 

years 

Spatial and temporal 

resolution 
Emission factors 

QFEDv2.5 MOD14/MYD14 2000-2021 
0.1°, daily (0.25° × 

0.375°, near-real-time) 

(Andreae & Merlet, 

2001) 

GFEDv4 MCD64A1 1997–2019 
0.25°, monthly (daily 

fraction) 
(Akagi et al., 2011) 

GFAS1.2 MOD14/MYD14 2003-2021 0.1°, daily 
(Andreae & Merlet, 

2001) 

FINN1.5 MCD14DL 2002-2017 1 km, daily 
(Akagi et al., 2011; 

Andreae & Merlet, 2001) 

 

Estimating BB emissions is highly challenging due to the relationship between the emitted species 

and biomass burned. The estimations can be carried out using emission factors that rely on fire 

occurrence, stages, combustion conditions, and fuel composition. Therefore, the emission factor 

estimations might vary due to different variables that they rely on in their estimation. This creates 

high uncertainty in estimating BB emissions. The mass of dry matter burned is the other critical 

parameter for BB emission calculations. Overall, the primary and general estimation of BB 

emissions requires an emission factor (in a mass of species emitted per kilogram of dry matter 

burned) and the mass of dry matter burned. This can be formed as follows (Ichoku & Kaufman, 

2005): 
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𝑀𝑥 = 𝐸𝐹𝑋 ∙ 𝑀𝑏𝑖𝑜𝑚𝑎𝑠𝑠 

2.2 

Where 𝑀𝑥  is the mass of emitted species x, 𝐸𝐹𝑋 is the emission factor for the emitted species x, 

and 𝑀𝑏𝑖𝑜𝑚𝑎𝑠𝑠 is the mass of the dry biomass burned. Each of the factors used in the calculation is 

estimated with different methodologies.  

 

The development of emission inventories is performed with one of the two methods: bottom-up 

and top-down approach. For BB emission inventory development, approaches vary based on 

estimating the mass of biomass burned (𝑀𝑏𝑖𝑜𝑚𝑎𝑠𝑠). The bottom-up approach uses burned area 

products to obtain 𝑀𝑏𝑖𝑜𝑚𝑎𝑠𝑠. It is computed by the following equation (Seiler & Crutzen, 1980): 

𝑀 = 𝐴 × B × 𝜆 × 𝛽  

2.3 

Where A is the total burned area, B is the biomass available per unit area, 𝜆 is the fraction of the 

average above-ground biomass relative to B, and 𝛽 is the burning efficiency. Burned areas are 

satellite-derived products that include burning locations and dates. Satellite products such as 

NASA Moderate Resolution Imaging Spectroradiometer (MODIS) develop data products to study 

atmospheric science. MODIS Burned Area Product quantifies the burned area by sensing the 

surface reflectance at a spatial resolution of 500 m and develops algorithms to identify the date of 

the burn. The new, improved version burned area product of MODIS, MCD64A1, has surface 

reflectance improvements and active fire input data at 1 km observations (NASA Earthdata, n.d.). 

Estimating the parameters given in the equation is challenging due to their dependence on different 

factors. Burned area is highly variable by means of time and location, while burn efficiency relies 

on the conditions of fuel and biomass density changes with varying fuel characteristics (Giglio et 
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al., 2006; Ichoku & Kaufman, 2005). The recent MODIS burned area product improved detecting 

small fires that are likely to be missed by the satellites.  

 

The Global Fire Emissions Database (GFED) is one of the most commonly used global biomass 

burning emission inventories that uses the bottom-up approach to estimate fire emissions. The 

GFEDv4 inventory (van der Werf et al., 2017) is the latest version that is used in GEOS-Chem 

v13.2.1 as a default BB emission inventory. It applies mapping with MCD64A1 burned area 

products and uses MOD14 and MYD14 products for active fire data. GFED divides the world into 

basis regions, such as Boreal and Temperate North America, based on the vegetation types such 

as savanna, tropical forest, boreal forest, temperate forest, peatland. The emission factors, 

combustion efficiency, and fuel loading used to estimate fire emissions depend on these vegetation 

types. For example, Canada dominantly includes boreal forests with some savanna and agricultural 

fire types. 

 

Unlike the bottom-up approach, the top-down approach uses Fire Radiative Power (FRP) to 

estimate burned areas. FRP is a measure of the chemical energy released by the combustion of 

biomass. It is performed by NASA MODIS that measures the radiative energy released per time 

unit during combustion. Quantifying the burned area using the FRP approach assumes that the rate 

at which fire releases radiative energy is linear with the combustion of biomass rate (Costa & 

Fonseca, 2017; Freeborn et al., 2008; Kremens et al., 2010, 2012). In equation 2.4, this relationship 

between the biomass consumption rate (kg s-1) (𝐵𝐶𝑅) and 𝐹𝑅𝑃 (MJ s-1) was shown with the 

biomass consumption coefficient (kg MJ-1), 𝐶𝑒, that expresses the mass of emitted species per unit 

of FRP (Costa & Fonseca, 2017).  
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𝐵𝐶𝑅 =  𝐶𝑒  ×  𝐹𝑅𝑃  

2.4 

FRP [Watts/m2] is calculated using temperature and pixel area as suggested by Kaufman et al. 
(1998): 
 

 
𝐹𝑅𝑃𝑀𝑂𝐷𝐼𝑆 = 4.3 ×  10−19 ∙ (𝑇f 4µm

8 − 𝑇b 4µm
8 ) ∙ 𝐴𝑠𝑎𝑚𝑝𝑙𝑒  

2.5 

Where 𝑇f 4µm
8 − 𝑇b 4µm

8  are MODIS brightness temperatures of the fire and non-fire conditions 

while 𝐴𝑠𝑎𝑚𝑝𝑙𝑒  is the pixel area. The FRP is also known as time-integrated fire radiative energy 

(FRE) as shown below: 

𝐹𝑅𝐸 = ∫ 𝐹𝑅𝑃(𝑡) 

2.6 

Since the FRE (MJ) is the time-integrated version of FRP, the mass of emitted species (kg) can 

be represented as: 

𝑀𝑠 =  𝐶𝑒  ×  𝐸𝐹 ×  𝐹𝑅𝐸  

2.7 

The Quick-Fire Emissions Dataset (QFED) is a global biomass burning inventory that was 

developed based on a top-down approach by NASA (Darmenov & da Silva, 2013). QFED2.5 

collects fire radiative power and location of fires from MODIS products: active fire (MOD14 and 

MYD14) and geolocation products (MOD03 and MYD03). QFED2.5 produces daily and monthly 

fire emissions at high spatial and temporal resolutions as extended historical data. It provides near 

real-time daily emissions at 0.25 x 0.3125 degrees resolution (Darmenov & da Silva, 2013). 

Moreover, QFED2.5 uses MODIS aerosol optical depth (AOD) to decide a scaling factor for 

aerosol emissions (T. Liu et al., 2020). 
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GFED4 and QFED2.5 inventories identify the vegetation classes and the location of fires 

differently. The inventories also use different emission factors to calculate BB emissions. Table 

2.2 presents the emission factors used by both inventories for some vegetation categories. 

QFED2.5 acquires EFs from Andreae and Merlet (2001), whereas GFED4 obtains them from 

Akagi et al. (2011). 

Table 2.2 Comparison of PM2.5, CO, and BC emission factors used in GFED4 and QFED2.5 
(Akagi et al., 2011; Andreae & Merlet, 2001) 

LULC 

GFED4 QFED2.5 

PM2.5 CO BC PM2.5 CO BC 

Savannah 7.17 63 0.37 5.4 65 0.48 

Tropical 
Forest 9.1 93 0.52 9.1 104 0.66 

Extratropical 
forest 15 122 0.56 13 107 0.56 

Agricultural 
residue 6.26 102 0.75 3.9 92 0.69 

Boreal 
Forest 15.3 127 0.5 - - 0.56 

 

Furthermore, the inventories identify the land cover types and geographical regions differently, as 

shown in Table 2.3. For instance, the fuel type savanna covers woody and tropical savanna in 

GFED inventory, whereas QFED inventory also includes open and close shrublands for savanna.  
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Table 2.3 Some of the vegetation categories for both inventories (Akagi et al., 2011; Andreae & 
Merlet, 2001) 

LULC QFED2.5 GFED4 

Savannah 

Woody Savannas 
Savannas 

Open Shrublands 
Closed Shrublands 

Tropical Savanna 
Woodland Savanna 

Tropical Forest Evergreen Broadleaf Forest Evergreen Tropical Forest 

Extratropical forest 

Evergreen Broadleaf Forest 
Evergreen Broadleaf Forest 

Deciduous Needleleaf Forest 
Deciduous Broadleaf Forest 

Mixed Forest 

- 

Boreal Forest - Prescribed crown fire 
 

 

The emission estimates of QFED and GFED vary due to the differences between algorithms, fire 

estimation approaches, emission factors, LULC categorization, and geographical regions used. In 

previous studies, the global BB inventories have been compared to study the difference between 

global BB emission inventories and assess the impact of different inventory use on air quality, 

climate, and public health. Larkin et al.(2014) and Su F.(2018) compared GFED and FINN 

inventories to examine the temporal and spatial variabilities due to change in BB inventories used 

in the U.S. Su F.(2018) found that FINN predicts higher emissions during the first months of the 

year than GFED. Similarly, Larkin et al. (2014) showed that GFED estimates are the lowest 

compared to FINN. A study performed for Northern South America using WRF-Chem 

demonstrated that GFED4s estimated higher PM2.5 emissions than FINNv1 while GFAS predicted 
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a similar amount of aerosol emissions (Ballesteros-González et al., 2020). Pan et al. (2020) showed 

that FINN1.5 estimates higher fire emissions in the tropical regions than GFED. The authors also 

compared the results with QFED2.4 that estimates the highest OC emissions than the rest of the 

inventories, approximately by a factor of 4 than GFED4s. Likewise, Xie et al. (2020) found that 

QFED2.5 predicts 3-5 times higher BC and OC emissions than GFED4 in North America. Global 

annual fire emissions of BC and OC were found the largest using QFED2.4 inventory (Carter et 

al., 2020; T. Liu et al., 2020). However, Carter et al. (2020) illustrated that GFED4 creates higher 

smoke concentrations than QFED in boreal regions in North America, while their spatial 

distributions agree in the continental U.S. (CONUS). Darmenov and da Silva (2013) present that 

the reason why QFED predicts two to threefold higher emissions globally than GFED is the 

reliance of vegetation types on emission coefficients. They also performed linear regression 

analysis between three BB emission inventories: GFED, QFED, GFAS and found a strong 

correlation between QFED and GFED with R2=0.83. 

 

It is important to comprehend the differences in the BB emission inventories to improve predicting 

air quality and select the optimal inventory for air quality modelling. For example, QFED is likely 

to miss fires with lower radiant energy release, such as smouldering fires and fires under the thick 

cloud cover generally found in boreal and equatorial regions (Darmenov & da Silva, 2013; T. Liu 

et al., 2020). Carter et al. (2020) also noted that the top-down approach might underestimate the 

western U.S. and Canada emissions due to satellite overpasses. Additionally, uncertainties of 

emission coefficients used in QFED inventory bring challenges to fire estimations. On the other 

hand, QFED inventory creates BB emissions at high spatial and temporal resolution and detects 

small fires better than burned area approach. The top-down approach does not require combustion 



 25 

efficiency and biomass density to estimate burned area, which are used to calculate BB emissions 

by a bottom-up approach. However, the bottom-up approach is more advantageous in estimating 

large fires and afterburn emissions since the burned area products are accessible after the 

combustion. Overall, there could be variability between BB emissions due to the different 

approaches and data used in these inventories and uncertainties related to the factors used to 

estimate BB emissions. Such variability drives difficulties understanding the best representative 

BB emissions for air quality simulations. The next section of this thesis focuses on the impacts of 

BB emissions on air quality and climate. 

2.3.2 Air Quality and Climate Impacts  

Biomass burning is a significant source of particulate matter, aerosols, and gaseous pollutants that 

deteriorates global, regional, and local air quality and climate. The aerosols emitted are complex, 

with composition of varied types, such as black carbon (BC) and organic carbon (OC). According 

to Bond et al. (2013), BB aerosols mainly compose organic aerosols and BC. These species affect 

radiative balance by direct, semi-direct, and indirect interactions with incoming radiation and 

clouds. For example, BC at low altitude causes incoming solar radiation to be absorbed, which 

leads to warming of the atmosphere, while OC leads to scattering, which causes cooling. This 

interaction between the aerosol and incoming solar radiation is called the “direct effect” 

(Ackerman et al., 2000). The semi-direct effect follows the direct effect by triggering the alteration 

of moisture transport in the atmosphere. For instance, absorption of solar radiation by BC aerosol 

at high altitudes causes heat to be trapped, which reduces the surface temperature and thereby 

reduces convection that leads to cloud formation (Y. Yang et al., 2019). In addition, BB aerosols 

influence cloud microphysics and lifetime by acting as cloud condensation nuclei (CCN) 

(Spracklen et al., 2011). The increase in CCN promotes an increase in the number of cloud droplets 
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and a decrease in droplet size, which then enhances the overall reflectivity of the cloud. This is 

called the “first indirect effect”. As shown in Figure 2.5, cloud cover is extended due to the increase 

in cloud lifetime. This is because small cloud droplets are not efficient in forming larger droplets 

to start precipitation. Thus, delayed rainfall causes a longer cloud lifetime and increased cloud 

cover (L. Liu et al., 2020). This leads to a cooling effect on the Earth’s surface by preventing 

incoming solar radiation from reaching the surface. These are called aerosol-cloud interactions. 

 

Figure 2.5 Illustration of aerosols influence on Earth's climate (IPCC Working Group 1 et al., 
2013) 

Several studies have focused on the impact of wildfire smoke on climate. For instance, Zhang et 

al.(2021) found that biomass burning highly impacts the Earth’s radiative balance by absorbing 

incoming radiation by BC and scattering by OC for dry seasons more than rainy seasons by a factor 

of 4 and 9, respectively. They applied GEOS-Chem to estimate aerosol concentrations using 

FINNv1.5 inventory. Liu et al. (2022) compared three different emission sources to assess the 

impact of aerosols on urban precipitation. They found that BB emissions are the second largest 

contributor to CCN concentration increase compared to the anthropogenic and biogenic sources. 

Likewise, Andreae et al. (2004) observed that BB aerosols increase the amount of cloud droplets 

but decrease their size, which results in delayed precipitation over the Amazon. Similarly, a climate 
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sensitivity analysis found that BB aerosols are responsible for declining surface temperature and 

precipitation by reducing cloud cover in South America (Thornhill et al., 2018). Moreover, 

Kirsanov et al.(2020)‘s analysis showed that BB smoke prevents incoming solar radiation from 

reaching the land surface. This reduces surface temperatures and evapotranspiration, resulting in 

reduced precipitation on a regional scale.  Wildfire amplifies the decrease in surface temperature 

across boreal forests in North America (Jin et al., 2012). Similarly, Grell et al. (2011) applied the 

WRF-Chem model to study the impact of wildfires on climate. The study addressed that the 

increase in CCN concentration due to high PM2.5 levels reduces precipitation over the area. 

Overall, BB aerosols affect climate on regional and global scales due to cloud properties and cover 

changes.  

 

Biomass burning is a major source of BC in Canada, which leads to high surface temperatures 

(Healy et al., 2017). Fazel-Rastgar and Sivakumar (2022) found that Canadian July 2019 wildfires 

were associated with a decrease in albedo in Arctic regions. Sand et al. (2013) confirms that BC’s 

albedo effect is prominent in the Arctic’s surface temperature. On the other hand, Bernstein et al. 

(2021) observed a statistically insignificant relationship between fire plumes and precipitation 

rates. Nevertheless, they agreed on the impact of aerosols on surface temperature. Bernstein et al. 

(2021) found that an increase in aerosol levels fosters an increase in atmospheric stability via 

lowering surface temperature. This reduces the planetary boundary layer height, which is 

important in vertical mixing and dilution.  

 

The smoke released from wildfires contains large amounts of PM2.5 that disturb air quality via 

posing a threat to human health. Matz et al.(2020) observed a linkage between acute and chronic 
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exposure to wildfire attributable PM2.5 in Canada to hundreds to thousands of annual premature 

mortalities. It is necessary to predict air quality impacts of fires better; therefore, estimating 

accurate BB emissions for air quality modelling is essential. Some studies have investigated the 

effect of different BB emission inventories on simulated PM2.5 concentrations. Vongruang et al. 

(2017a) compared FINN and GFAS using CMAQ to estimate PM10 in Southeast Asia. 

Observational data for PM2.5 was only available at one station. The authors found that the modelled 

concentrations with FINN were overestimated, although statistical analysis for simulations with 

both inventories demonstrated good performance. For PM10 concentrations, model results with 

FINN estimated four times higher concentrations than GFAS simulations. Likewise, the 

simulations with FINN predicted higher change in the background PM2.5 concentrations than 

GFED4s simulations in Northern South America using WRF-Chem (Ballesteros-González et al., 

2020). Additionally, the simulations with two inventories have demonstrated spatial differences 

for the study period. Su et al. (2018) observed FINN predictions being higher than GFED 

estimations for CO, BC, and OC concentrations at a regional scale using GEOS-Chem. The 

simulations using GFED and FINN revealed spatial differences in the U.S. A later study by Carter 

et al.(2020) assessed four global BB emissions inventories and modelled concentrations using 

GEOS-Chem. The inventories that are QFED2.4, GFED4s, GFAS1.2, FINN1.5 indicated 

variability spatially and temporally in North America. For instance, simulations with QFED2.4 

estimated the highest BC and organic aerosol concentrations over CONUS, while simulations with 

GFAS1.2 and GFED4s predicted more aerosols in the boreal region nearby the surface. 

Additionally, the study examined the model simulations with observational data. The simulation 

outputs indicate disparity among inventories with GFED4s matching the best with site 

measurements and QFED2.4 and FINN1.5 matching poorly for black carbon.  
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Biomass burning is a significant contributor to PM2.5 levels, especially in some regions in the 

world, such as Southeast Asian countries (Y. Cheng et al., 2013; Dejchanchaiwong et al., 2020; 

Fu et al., 2012), North and South America (Gonçalves et al., 2016; Mendez-Espinosa et al., 2019; 

Wotawa et al., 2001), Africa (Kganyago et al., 2021) and Canada (Meng et al., 2019). Schneider 

et al. (2021) studied the impact of wildfires on air quality in western Canada using back-trajectory 

analysis with The Hybrid Single-Particle Lagrangian Integrated Trajectory (HYSPLIT) model 

(Stein et al., 2015). They showed that the wildfire-influenced periods amplified the PM2.5 levels in 

urban areas. The results from different stations, three from British Columbia and two from Alberta, 

illustrated variety in wildfire impact. The Kamloops station, near dense fires, had a substantial 

effect of wildfires on PM2.5. The assessment of sources influencing PM2.5 levels in Alberta also 

indicated that wildfire smoke that travels from British Columbia, Northwest Territories, and the 

western U.S escalate high PM2.5 days in summer (Bari & Kindzierski, 2016, 2017). At the stations 

in Calgary, 24 h average PM2.5 levels exceeded CAAQ limits in summer due to wildfire smoke 

events (Bari & Kindzierski, 2018). Liu et al. (2016) evaluated the impact of wildfires on PM2.5 

levels by conducting sensitivity analysis with GEOS-Chem. In the western U.S., wildfires were 

found to be the major contributors to PM2.5 levels, with 71.3% of total PM2.5 on the days daily 

PM2.5 exceeding WHO standards. The extreme fires that happened in 2017-2018 in the western 

U.S. were evaluated using observational data and a global model to assess the PM2.5 summer 

pollution. The severe fires were responsible for 90% of the particle levels in the study period. 

Moreover, the study observed uncertainties in modelled PM2.5 associated with fire emission 

sources that are QFED and GFED. The analysis depicted that QFED predicts four to five times 

larger OC emissions than GFED (Xie et al., 2020). Furthermore, Xie et al.(2020) analyzed the 

uncertainties associated with the use of emission inventories by two sensitivity scenarios: one with 
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GFED emissions and one with GFED emissions increased 5 times. QFED and GFEDx5 predicted 

high PM2.5 levels in the western U.S., while GFEDx5 simulated the peak fire days better than 

QFED simulations. The sensitivity analysis showed that the aerosol predictions with GFED were 

improved with the increase in the emissions by a factor of 5, which revealed uncertainties related 

to emission factors used in the inventory for aerosol species. In like manner, Donkelaar et al. 

(2011) simulated PM2.5 concentrations for major fire events in Moscow using the GEOS-Chem 

model and QFED2.1 emissions for biomass burning. Indeed, they found significantly high daily 

average concentrations ~600 𝜇g/m3. Y. Cheng et al.(2014) also showed that biomass burning 

contributes to air quality in China, 37% of PM2.5 in Yangtze River delta region using CMAQ and 

HYSPLIT model. Likewise, one of the major contributors to PM2.5 levels in Bangkok was biomass 

burning, with 35.5% using the CAMx model (Oanh & Asian Institute of Technology & the Project 

Team, 2017).  

 

Overall, these studies show that assessing different BB inventories in different regions may 

contribute to finding the best representative inventory of the area. Therefore, it is important to 

evaluate the performance of inventories in single cities using chemical transport models and assess 

how sensitive modelled PM2.5 concentrations are in Canada to different BB inventories. 
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3 Methodology 

In order to study the effects of biomass burning on Canadian air quality sites, and the impact that 

the choice of emissions inventory has on those calculations, we rely on a global chemical transport 

model (CTM). This chapter introduces the fundamentals of sensitivity analysis as applied to 

CTMs, which is used to quantify the impacts of BB emissions using variable BB inventories and 

estimate the BB influence in Canada. 

3.1 GEOS-Chem  

The atmospheric chemical transport model used in this research is GEOS-Chem version 13.2.1. 

(for more information: https://geos-chem.seas.harvard.edu/). GEOS-Chem is a 3-D free-access 

global model with three different operation modes: GEOS-Chem Classic (GCC), GEOS-Chem 

High Performance (GCHP), and GEOS-Chem in online applications. This thesis uses GCC version 

13.2.1 released in 2021. The meteorological data that drives the model transport is integrated from 

the Goddard Earth Observing System (GEOS) of the NASA Global Modelling and Assimilation 

Office (GMAO) (Bey et al., 2001). The GMAO generates a variety of products to be used for 

research and applications. GMAO uses GEOS to conduct modelling, data assimilation, and 

production of datasets for use in various research and application areas. GEOS-Chem integrates 

meteorological products from GMAO to be used in the atmospheric chemical transport modelling. 

GEOS-Chem has two meteorological products from GMAO: GEOS Forward Processing (GEOS-

FP) and Modern Era Retrospective-Analysis for Research and Applications (MERRA2). GEOS-

FP is a near-real-time operational data product from 2012 to present with a fine horizontal grid 

resolution of 0.25 x 0.3125. MERRA2 is a reanalysis data product with a coarser resolution than 

GEOS-FP with 0.5 x 0.625. Both products have 72 hybrid levels in the vertical direction. GEOS-

Chem has the ability to perform global and nested grid simulation at different horizontal grid size 

https://geos-chem.seas.harvard.edu/
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options such as 1x 1, 2 x 2.5, and 4x 5 (GEOS-Chem Working Groups, 2021). For nested-

grid simulations, it might even go to finer resolutions. Besides 72 vertical levels, GEOS-Chem 

might re-grid the vertical levels to 47 to save computational resources. GEOS-Chem operates in 

offline and online mode to simulate atmospheric modelling. The offline mode has chemical 

transport sources without dynamics. Thus, it does not run meteorological simulations but 

introduces them to the model as inputs. On the other hand, the online mode is capable of working 

with both dynamics and chemistry modelling. This mode might be used for some analyses that 

require aerosol-cloud interactions (Hu et al., 2018). Overall, in this thesis, GEOS-Chem Classic 

version 13.2.1 was used at 2 x 2.5 horizontal resolution with 47 vertical levels in the offline 

mode (refer to Table 3.1 for simulation configurations). 

 
While meteorological data are introduced to the system via GEOS products, emissions are 

integrated with the Harmonized Emissions Component (HEMCO) software. HEMCO computes 

free download emission data inventories and generates GEOS-Chem model-ready emissions that 

are spatially and temporally gridded. HEMCO is a standalone emission tool that is easy to 

implement in GEOS-Chem since it does not require pre-processing to prepare the input data. 

Instead, HEMCO might use the global and regional emissions inventories readily available in its 

library. It enables users to define the base emission inventories, species, simulation dates, and scale 

factors and create mask files using a configuration file. Thus, HEMCO can read, modify, and 

combine emissions based on the user-modified configuration file to create desired emission inputs 

to the atmospheric model (Keller et al., 2014). Figure 3.1 represents the implementation of 

HEMCO into the GEOS-Chem chemical transport model. HEMCO Core is the main component 

that performs the calculations mentioned above to make the inputs compatible with GEOS-Chem.  
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Figure 3.1 Overview of HEMCO emission tool (Keller et al., 2014) 

Besides HEMCO's implementation as an interface to GEOS-Chem CTM, the emission simulations 

might be conducted independently. Therefore, various emission inventories might be computed to 

calculate emissions rather than the readily available emission data in HEMCO's libraries. 

However, the standalone requires separate computation for data reading and remapping.  

 

In this thesis, GEOS-Chem v.13.2.1 is used to study the effect of different biomass burning 

emission inventories on modelled PM2.5 concentrations. The emission component, HEMCO, was 

used to compute emissions and prepare a mask file over Canada by editing its configuration file 

for the desired analyses. The biomass burning emission inventories used are GFEDv4 (van der 

Werf et al., 2010) and QFEDv2.5 (Darmenov & da Silva, 2013). Two simulations are performed 

first to investigate the impact of two inventories on modelled PM2.5 concentrations. Lastly, two 

simulations were conducted; one with BB emission and one without Canadian BB emissions to 

evaluate the effects of BB emissions on PM2.5 concentrations in primarily interested regions: 

British Columbia and Northwest Territories. The simulation period was selected as May-August 
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for analysis, while the spin-up period was four months, January-April 2020. The Canadian 

Interagency Forest Fire Centre (CIFFC) also reported the fire season 2020 in Canada as lasting 

from May to August. Table 3.1 represents the simulation configuration for this thesis. 

Table 3.1 GEOS-Chem simulation settings 

Meteorological input MERRA2 

Chemistry mechanism  Tropospheric chemistry  

Simulation year 2020 

Spin-up time January-April 

Horizontal resolution 2 latitude x 2.5 longitude 

Vertical levels 47 

Global anthropogenic emission inventory CEDS 

Biomass burning inventories GFEDv4 and QFEDv2.5 

Interested regions British Columbia and Northwest Territories  

 

3.2 Sensitivity Analysis 

Sensitivity analysis is widely used in air quality management to provide information about how 

model outputs are sensitive to the model inputs. This information might be the impact of reducing 

anthropogenic emissions (model input) on the air quality or human health (model output). For 

instance, one of the objectives of this thesis is to investigate the BB emissions impact on air quality 

in Canada.  

 

In atmospheric CTMs, sensitivity analysis can be applied by differentiating the model outputs 

(concentration) to model inputs (emissions), 𝛿𝐶/𝛿𝐸 (Pappin, 2016). Sensitivity analysis in CTMs 
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requires estimation of spatiotemporal derivatives of model outputs to inputs.  There are two widely 

used sensitivity analysis methods that are different in approach but complementary in information. 

Forward sensitivity analysis is a source-oriented method that seeks information about how a 

change in one model input affects all the model outputs. For example, we might ask how a change 

in NO emissions from a single source in a specific region influences concentrations at every 

location in the model at each time step. On the other hand, adjoint or backward sensitivity analysis 

is a receptor-oriented method that links the model outputs to model inputs which is the reverse of 

the forward method. It provides information about how a change in every model input affects a 

single model output. Thus, this method may estimate the impacts from all sources on one specific 

receptor by tracing a perturbation in the concentration from the receptor backward in time. 

 

Forward sensitivity models solve the ADE (Equation 2.1) by perturbation of the model’s input 

parameters. In this analysis, we differentiate the ADE with respect to change in a model input, 𝛿𝐸𝑖. 

Equation 3.1 is the sensitivity equation which gives the partial derivative of concentration (model 

output) with respect to change in the emissions (model input) (Hakami et al., 2007). 

𝜕𝛿𝐶𝑖

𝜕𝑡
=  −∇ . (u𝛿𝐶𝑖) + 

1

𝜌
 ∇ . (𝜌𝐾∇𝛿𝐶𝑖) + 𝐹𝑖  𝛿C +  𝛿𝐸𝑖 

3.1 

where 𝛿C is the perturbation in concentration of species 𝑖, 𝛿𝐸𝑖  is the perturbation in emissions of 

species 𝑖, and 𝐹𝑖 is the 𝑖th row of the Jacobian of the chemical reaction rates.  

 

There are two approaches used to calculate forward sensitivities using the governing equation of 

forward model (Equation 3.1): the decoupled direct method (DDM) and the brute-force method. 

The brute force method finds model sensitivities by making small perturbations to a parameter and 
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searching for the change in the model output associated with the perturbation. In the brute-force 

method, a base scenario is run with all emission sources, while a sensitivity scenario is run with 

either the emissions of interest included or excluded from the analysis. Thus, the difference 

between the two scenarios is used to determine the change in the model output with the changes 

in the model input parameter. The brute force model is easy to apply and find model sensitivities; 

however, it is inefficient to use when a large number of sensitivity coefficients are needed to be 

calculated (Y. J. Yang et al., 1997). DDM is a formal sensitivity model that is also defined as the 

tangent linear model (TLM). Equation 3.2 is what DDM solves for each model input and gives the 

sensitivities of species 𝑖 to the emissions of species 𝑗 (Y. J. Yang et al., 1997). DDM is used to 

calculate the local sensitivities of model output to a parameter or a few parameters. DDM is more 

computationally efficient in calculating sensitivities for more than one input parameter as opposed 

to the brute force method. The brute force method would require several base and sensitivity cases 

to be conducted to calculate sensitivity for a large number of parameters. 𝜕𝑝𝑗 represents any model 

input parameters; however, it is the emissions of species 𝑗 in the context of this thesis. The 

sensitivities, 𝑆𝑖𝑗, will be generated for each concentration of species 𝑖 with respect to perturbation 

in each model input parameter: 

𝑆𝑖𝑗(𝑡) =  
𝜕𝐶𝑖(𝑡)

𝜕𝑝𝑗
  

3.2 

The adjoint method is a backward sensitivity technique that estimates sensitivities of metric-based 

model outputs or a single model output with respect to all model inputs across all locations and 

times. In contrast to the forward method, it traces influences of sources or ensemble of sources 

backward in time from the defined metric of model output. The metric depends on the interest 

question trying to be answered using adjoint analysis. For instance, this metric might be 
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quantifying location-specific marginal damages of aviation emission exposure. Then, the 

interested metric might be defined as the adjoint cost function that is any function of concentration 

integrated temporally (t) and spatially (ω) as shown in the following equation 3.3 (Sandu et al., 

2005). 

𝐽 = ∬ g(C, t, ω) dωdt

𝑡 𝜔

 

3.3 

The adjoint variables 𝜆𝑖 (t, ω) for each species 𝑖, is the sensitivities of the function 𝐽 to perturbation 

in concentration at any given time and location. 

λi (t, ω) =  
∂J

∂Ci(𝑡, ω)
 

The cost function is used to calculate sensitivities that are held in the row of the Jacobian matrix; 

thus, transposing the Jacobian matrix can give us the sensitivities with respect to all model input 

parameters as shown in 3.4  (Zhao et al., 2020).  

λ𝑡−1 = 𝐺′𝑡−1
𝑇  . λ𝑖 

3.4 

Where λt is the adjoint variables, 𝐺 is the derivative primal model and 𝐺′𝑡−1
𝑇  is the transposed 

Jacobian matrix. The governing equation of the adjoint model is derived by applying Lagrangian 

multiplier and integrating by parts to Equation 3.1 (Hakami et al., 2007; Zhao et al., 2020). 

−
𝜕λi

𝜕𝑡
=  ∇ . (u λi) + ∇ . (𝜌𝐾∇

λi

𝜌
) + r̃𝑖 + 𝜑𝑖 

3.5 

where λi represents the adjoint variable of species 𝑖; r̃𝑖 represents the contributions from 𝑟𝒊, 𝑒𝒊 and 

𝑠𝒊 which represent the change rates from chemical/thermodynamic transformations, emissions, and 
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the loss process for species 𝑖, respectively; and 𝜑𝑖 denotes adjoint forcing (Elbern et al., 2000; 

Hakami et al., 2005, 2007; Martien & Harley, 2006). The adjoint analysis depends on the adjoint 

forcing term that is given into the adjoint model to extract the evolution of adjoint variables. 

Injected adjoint forcing term is dependent on the adjoint cost function that is derived with respect 

to concentration. 

 

This thesis uses forward sensitivity analysis to study the impacts of biomass burning on air quality 

in Canada. Both methods would calculate the BB influence on the air quality monitoring sites in 

Canada. However, the forward method is more appropriate than the adjoint method for this study 

since the impacts of a specific source (Canadian biomass burning) are studied across the domain. 

The adjoint method would be more applicable to determine how global biomass burning emissions 

affect the air quality in a specific region (e.g., Canada). For instance, Liu et al.(2020) used GEOS-

Chem adjoint to calculate sensitivities of PM2.5 at individual receptors such as Indonesia and 

Singapore to global fire emissions. 

3.3 Air Quality Monitoring Data 

This thesis uses surface ground measurements of 24-hour average PM2.5 for six monitoring 

stations, three in British Columbia and three in Northwest Territories. According to Statista 

Research Department (2021), British Columbia was the second leading province with 668 forest 

fires in 2020. In comparison, Northwest Territories recorded 71 forest fires. Although 2020 was a 

relatively low fire season than what Canada experienced in the last 10 years in average, the 

provinces in Canada started to face with escalating fire activities, beginning mid-June (Canadian 

Interagency Forest Fire Centre Inc., 2020). British Columbia and Northwest Territories were 

selected to observe the impact of fires on observed average PM2.5 concentrations and examine the 
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change of regional variability of different biomass burning emission inventories on the modelled 

average PM2.5 concentrations. Six ground measurement stations were selected to compare against 

the modelled data. The stations are selected from different regions in the province to assess the 

temporal variability. The details of the stations used in this study are given in Table 3.2.  

Table 3.2 Description of monitoring sites (National Air Pollution Surveillance Program, 2021) 

Provinces Stations Latitude Longitude Elevation (m) 

British Columbia 

Valemount 52.832459 -119.269821 800 

Fort St John 85th Avenue 56.231792 -120.853895 685 

Richmond South 49.1414 -123.1083 15 

Northwest Territories 

Yellowknife 62.452084 -114.364031 193 

Fort Smith 60.004486 -111.893377 358 

Norman Wells 65.279676 -126.812887 60 

 

The Ministry of British Columbia conducts ground measurements at 156 stations in three different 

ways: continuous, non-continuous, and mobile monitoring. Continuous monitoring performs 

constant measurements and sends the data automatically to a database. In contrast, non-continuous 

monitoring is a manual sampling that requires technicians to collect air samples and send them to 

a laboratory for analysis (Ministry of British Columbia, n.d.). Both methods collect the 

measurements for various air contaminants such as particulate matter, CO, NO2 and SO2. NWT 

Air Quality Monitoring conducts the monitoring incorporating Environment Canada's National Air 

Pollution Surveillance Program (NAPS) program. The monitoring network has four stations: 

Yellowknife, Fort Smith, Norman Wells, and Inuvik. The locations of the stations studied in this 

thesis are shown in Figure 3.2.  
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Figure 3.2 Air quality monitoring stations studied in British Columbia and Northwest Territories 

Both governments create an air quality monitoring report annually to describe the measurement 

details and analyze and validate the data. The reports involve the data quality assessments to show 

the quality of observational data by applying quality control and assurance practices. Both 

provinces follow the protocols for data collection and quality assurance for the National Air 

Pollution Surveillance Program (NAPS), a federal air quality monitoring program. Following 

NAPS' assurance and control guidelines provide quality consistency and acceptability across 

Canada. Moreover, both use Beta Attenuation Mass (BAM) for continuous ambient air monitoring 

for PM2.5. The statistical analysis of air quality data is performed to analyze if the reported 

observations meet the guidelines. According to the Canadian Council of Ministers of the 

Environment (2019a), the scatter plot of continuous PM2.5 monitoring with British Columbia and 
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NAPS instruments show a high correlation with a 10% error limit, as depicted in Figure 3.3. Thus, 

the uncertainty of the measurements might be calculated for the analysis of this thesis.  

 

Figure 3.3 PM2.5 continuous monitoring vs NAPS measurements (Canadian Council of Ministers 

of the Environment, 2019a) 

This study uses average monthly observation data to compare with simulated results. Therefore, 

the uncertainty on the measurements might be calculated as follows: 

𝑢 =
√∑ 𝑢𝑖

2𝑛
1

𝑛
 

3.6 

Where 𝑢𝑖 is the uncertainty of the measurement, and n is the number of days in the month. For 

May, July, and August, the uncertainty of the mean PM2.5 value was found to be 1.7%, while it is 

1.8% for June. 
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4 Results and Discussion 

This study compares BC, OC, and CO emissions estimated by QFED2.5 and GFED4 inventories 

and performs sensitivity analysis of simulated PM2.5 concentrations in Canada to different BB 

inventories. This section of the thesis provides the results by focusing on the three main research 

objectives of this study: 

- Investigating the variability of BB emissions using two different BB inventories 

- Assessing the impacts of different BB inventories on GEOS-Chem simulated PM2.5 

concentrations; and, 

- Understanding the contribution of BB in Canada  

4.1 Comparison of different BB emission inventories on estimating BB 

emissions 

The HEMCO-processed emissions data used in the GEOS-Chemv13.2.1 simulations are used to 

show the total CO, BC, and OC emissions from both the QFED2.5 and GFED4 inventories in 

Canada. GEOS-Chem implements the monthly BB emissions from GFED4 with scalars to allocate 

daily emissions and daily BB emissions from QFED2.5. Figure 4.1 illustrates the total nationwide 

monthly CO emissions estimated using both inventories in Canada in the summer of 2020. GFED4 

predicts the highest CO emissions in June and the lowest in July, while QFED2.5 shows a 

decreasing trend in the season beginning from May. As a result, the estimation of CO emissions 

by GFED4 is the highest by a factor of 6 in June, while QFED2.5 estimates slightly larger CO 

emissions in the rest of the months. 

 

Both inventories show similar temporal variations for BC and CO emissions, which is a decreasing 

trend, as illustrated in Figure 4.1. In June, GFED4 predicts larger BC and OC emissions by a factor 
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of 2-3 as compared to QFED2.5. However, QFED2.5 estimates higher BC and OC emissions for 

the rest of the months. For instance, July and August's QFED2.5 monthly BC and OC emission 

estimations are 2-5 times larger than GFED4 estimations, while the difference is approximately 3 

times for BC and roughly 6 times for OC in May. On the other hand, GFED4 consistently predicts 

higher emissions in June for all species. Likewise, Xie et al. (2020) observed that total BC and OC 

emissions are estimated 3 to 5 times higher with QFED2.4 than estimations with GFED4 over 

North America. Carter et al. (2020) also calculated roughly 4-5 times higher BC and OC emission 

estimations by QFED2.4 in Boreal North America. Xie et al.(2020) found that the biases in 

emission factors are likely to be main reason of such difference between the inventories whereas 

Carter et al.(2020) showed that dry matter consumed is the underlying reason of emission 

uncertainties.  
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Figure 4.1 Monthly total CO, BC, and OC biomass burning emissions in Canada from GFED4 
and QFED2.5 in 2020 
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As shown in Table 4.1, both inventories predict similar quantities of total BC and OC emissions 

over the season (May-August) in Canada, while GFED4 estimates higher total CO emissions than 

QFED2.5 by a factor of ~3. In addition, the model results of this study were compared with Fire 

Inventories: Regional Evaluation, Comparison, and Metrics (FIRECAM) (T. Liu et al., 2020), 

which is an online tool used for BB emission inventory comparisons. FIRECAM generates 

emission comparison plots based on the user’s input. For instance, this thesis used the summation 

of the monthly total BB emissions from May to August for QFED2.5 and GFED4 to compare with 

our results. The results of this study and FIRECAM show similar temporal trends over the months 

for all three species. Moreover, the CO/BC ratio for GFED4 and QFED2.5 show similar results 

between the GEOS-Chem simulations and the FIRECAM result. Likewise, total emission 

estimates by FIRECAM and this thesis are similar, with slightly higher results by this thesis. For 

instance, this thesis's total CO emissions are approximately 2 times higher than FIRECAM's CO 

emission estimates. This could be due to the different methods used in the study. FIRECAM uses 

GEOS-Chem Adjoint with a high spatial resolution of 0.25° x 0.25°, while this study applies a 

coarse model resolution with GEOS-Chem. 

Table 4.1 Comparison of total BC, OC, and CO emissions over the fire season (May-August) in 
Canada 

Total Emissions 

(Tg) 

This thesis’s results FIRECAM 

GFED4 QFED2.5 GFED4 QFED2.5 

BC 0.013 0.018 0.011 0.011 

CO 3.01 1.24 2.587 0.658 

OC 0.20 0.20 0.181 0.148 
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Biomass burning attributable primary PM2.5 mostly consists of BC and OC. For instance, Dreessen 

et al.(2016) observed that wildfire originated peak daily PM2.5 is dominated by BC and OC. 

Therefore, total BC and OC emission might be representative of total PM2.5 emissions. According 

to FIRECAM, the spatial distribution of two inventories illustrates slight differences in average 

annual PM2.5 emissions, especially in British Columbia, as demonstrated in Figure 4.2. QFED2.5 

predicts higher PM2.5 emissions than GFED4 over British Columbia and Alberta. The total annual 

PM2.5 emissions in Canada is estimated 0.729 Tg with QFED, whereas GFED estimated only 0.329 

Tg PM2.5 emission in 2020. However, both inventories estimate approximately 0.2-0.3 Tg PM2.5 

emissions summed over the months (May-August).  

 

Overall, this analysis shows that QFED2.5 estimates nearly 2-6 times higher BC and OC emissions 

than GFED4 in every month except June, while total BC and OC emissions over the season are 

similar. GFED4 predicts approximately three times as much CO emissions than QFED2.5 in total. 

There are no significant discrepancies across the inventories for total PM2.5 emission estimations 

in the season. However, the inventories show differences in spatial patterns of average annual 

PM2.5 emissions. 
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Figure 4.2 Spatial distribution comparison for average annual PM2.5 emissions created using 
FIRECAM online tool (Up: GFED4 down: QFED2.5) 
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4.2 The impact of different BB inventories on model simulated PM2.5 

concentrations 

To investigate the impact of different BB emission estimates on modelled PM2.5 concentrations, 

this section describes the three following main analyses: 

a) The vertical concentration profiles of CO, BC, and OC over Canada are compared using 

GFED4 and QFED2.5 emission inventories; 

b) Monthly simulated PM2.5 concentrations using QFED2.5 and GFED4 are compared with 

ground-based ambient air quality measurements; and, 

c) Model performance is evaluated for PM2.5 predictions using standard air quality model 

metrics. 

It is crucial to analyze the vertical profiles to understand the impact of different emission estimates 

on air quality predictions. Smoke emitted aloft can travel long distances downwind of the source, 

which affects the spatial distribution and influence of smoke in the lower levels of the atmosphere. 

The vertical profiles of CO, BC, and OC concentrations simulated with GFED4 and QFED2.5 are 

compared up to 15 km using only BB emissions in the model simulations. In the previous version 

of the GEOS-Chem, the emissions were distributed into the atmospheric boundary layer. However, 

this didn’t consider the smoke injection aloft. The new injection scheme applied to the model 

includes smoke injection height distribution (0-8 km) to the GEOS-Chem grid box. Thus, the 

model accounts for smoke injection altitudes.  

 

The average concentrations are calculated for Canada, with latitude range from 42N to 84N and 

longitude range from 52.5W to 140W, to evaluate the vertical distributions of the species from 

May to August in the region. Figure 4.3 shows that the variability of modelled CO emission 
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estimates between GFED4 and QFED2.5 is significant in June. This agrees with the total CO 

emissions estimations that are shown in Table 4.1. The concentrations generated using GFED4 

show five times higher values at the surface than QFED2.5 simulation outputs in June. 

Additionally, CO concentrations are consistently higher with GFED4 than QFED2.5 simulations 

for each month. In August, the average CO concentration decreases in the boundary layer; it 

increases after 4 km. Zhu et al.(2018) showed that BB emissions released above the boundary layer 

are high for boreal regions in North America. Similarly, vertical concentration profiles of OC and 

BC show that the average concentration increases around 4 km until ~6km in this thesis. 
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Figure 4.3 Comparison of CO vertical concentration profile created with QFED2.5 and GFED4 

As shown in Figure 4.4 and Figure 4.5, the simulations using QFED2.5 inventory generated higher 

BC and OC concentrations averaged over Canada for May, July, and August. However, the 

average concentrations of all the simulated species with GFED4 are significantly higher than 

QFED2.5 simulations in June. This is because GFED4 inventory estimated significantly higher 

emissions in June for all the species, as depicted in Figure 4.1. Overall, this shows that the 

variability of BB emission inventories affects the vertical concentration profile for modelled CO, 

BC, and OC concentrations at the regional scale.  
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Figure 4.4 Comparison of BC vertical concentration profile created with QFED2.5 and GFED4 
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Figure 4.5 Comparison of OC vertical concentration profile created with QFED2.5 and GFED4 

Given that PM2.5 pollution attributable to biomass burning contributes a large fraction of overall 

PM2.5 at ground level during fire season, it is also useful to examine differences between the 

monthly average PM2.5 concentrations predicted using GFED4 and QFED2.5 inventories and 

observations of PM2.5 from station measurements. The average PM2.5 concentrations by model 

outputs with both inventories and ground-level measurements are compared at six different 

monitoring stations in Canada to analyze temporal and spatial distributions and magnitude 

discrepancy between modelled outputs by two inventories. As shown in Figure 4.6, QFED2.5 and 
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GFED4 predictions are similar among the months at the monitoring stations in British Columbia, 

with slightly higher values by QFED2.5, which is consistent with PM2.5 emission estimates. In 

British Columbia, the concentrations are below 8 𝜇g/m3 for a monthly mean in each station. 

QFED2.5 and GFED4 inventories show similar magnitudes and temporal patterns throughout the 

fire season at Valemount and Fort St John 85th Avenue stations. However, QFED2.5 predicts 

almost two times higher PM2.5 concentration than GFED4 in August at Richmond South station. 

The comparison of ground-level measurements with modelled PM2.5 concentrations shows that the 

observations are higher by a factor of ~2-3 than modelled PM2.5 concentrations generated with 

QFED2.5 and GFED4 at each station except Richmond South station. The temporal patterns of 

simulation results with both inventories and observations are matching at Fort St John 85th Avenue 

and Valemount stations. However, a sudden PM2.5 increase from June to July displayed by 

observations at Valemount station whereas QFED2.5 and GFED4 matching in temporal variations. 

Observations are higher than predictions at each station except Richmond South. The high PM2.5 

concentrations observed in Richmond South could be due to the contribution of smoke transport 

from the western U.S. to western Canada, leading to an increase in PM2.5 levels.  

 

The underestimations of CTM outputs could be due to a dilution effect, which results from 

averaging the concentrations in the model grid cell (grid cell resolution of 222 km x 277.5 km with 

an altitude of 58 m for the surface cell). On the other hand, the monitoring stations might detect 

freshly released BB plumes, leading to high PM2.5 detections. The surface air tends to have higher 

concentrations in the vertical dimension, with pollution load decreasing in altitude (see Figure 4.5). 

Thus, averaging over the lowest 58 m incorporates more clean air aloft than is being sampled at 

the ground station. The model covers the assessed stations in its grid cell; however, the coarse 
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resolution used in this study poses difficulties in representing spatial variation and magnitude of 

the concentrations. Therefore, this study focuses on comparing the temporal variability of PM2.5 

concentrations between observations and model outputs. 

Overall, the concentration predictions with QFED2.5 and GFED4 show similar temporal patterns 

and magnitude in British Columbia's stations. The significant difference between the model 

predictions by both inventories is only observed in August at Richmond South station. 

 

 

Figure 4.6 Comparison of average PM2.5 concentrations at British Columbia's stations 

In Northwest Territories, the variations in PM2.5 concentrations simulated with QFED2.5 and 

GFED4 have a distinct difference, especially in July and August (Figure 4.7). For example, the 
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modelled PM2.5 concentrations in July are higher in the QFED2.5 simulations by ~2 times at Fort 

Smith and Norman Wells stations than GFED4 simulation outputs. QFED2.5 predictions and 

observational data show similar temporal variations at Fort Smith Station, whereas simulated 

average PM2.5 concentrations with GFED4 are constant throughout the season. On the other hand, 

the modelled concentrations with both inventories produce almost identical temporal distribution 

and magnitude at Yellowknife Station, as illustrated in Figure 4.7. The difference between 

observation data and modelled concentrations is much the same as stations in British Columbia at 

Yellowknife Station. However, observational PM2.5 concentrations are approximately four times 

higher than the predictions with QFED2.5 and GFED4 for the rest of the stations. In addition, the 

concentrations with observations and simulations show small magnitudes at the stations in British 

Columbia, below 5 𝜇g/m3. All in all, the concentration predictions with QFED2.5 and GFED4 

have different magnitude and temporal patterns at Fort Smith and Norman Wells stations. In 

contrast, the simulated PM2.5 with QFED2.5 and GFED4 is consistent at Yellowknife station. 
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Figure 4.7 Comparison of average PM2.5 concentrations at Northwest Territories' stations 

Table 4.2 and Table 4.3 summarize the statistics used for model evaluation of simulated PM2.5 

concentrations with QFED2.5 and GFED4 inventories. Mean normalized bias (MNB) and mean 

normalized error (MNE) are standard air quality modelling metrics used for model evaluation. 

These metrics differentiate between predictions and observations by normalizing with 

observations before averaging. Positive MNB indicates predictions are greater than observations, 

while negative MNB denotes the opposite. Additionally, a temporal correlation coefficient (r) is 

calculated to observe the variability between predictions and observations. At Fort St John 85th 

Avenue station, modelled PM2.5 concentrations show a relatively good correlation with 

observations compared to the other stations (rQFED=0.60 and rGFED=0.56). However, the difference 
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between observations and the model results is large, with r less than 0.5 at the rest of the stations 

in British Columbia.  

 

QFED2.5 and GFED4 model simulation outputs demonstrate good performance with MNB less 

than 50% in July at the stations in British Columbia. The model performance of both inventories 

is reasonably good with MNB 30-40% at Valemount station in July and August. The monthly 

average PM2.5 concentrations with ground measurements are approximately two times larger than 

model results at Valemount station. Valemount is in a valley, which might be why observational 

data measure larger values than the model. Thermal inversion is possible, where cold air aloft can 

trap the warm air in the valley, leading to a smog trap. Thus, higher PM2.5 values might be 

measured at the station. However, the modelled PM2.5 concentration with QFED2.5 in August at 

Richmond South is highly overestimated, with MNB and MNE with more than 100%, while 

simulations with GFED4 result in ~43% MNB and ~68% MNE. The large MNB and MNE and 

low correlations show that GEOS-Chem-QFED poorly simulates daily variations at Richmond 

South station in August. Nevertheless, in July, PM2.5 concentrations simulated with QFED2.5 and 

GFED4 led to a reasonably good performance. The reason for overestimations at Richmond South 

station could be the influence of smoke transport from different sources. Since Richmond South is 

located close to the western U.S, large smoke transport from other sources is possible. Similar to 

this thesis’s model evaluation, Vongruang et al.(2017a) evaluated the model performance with 

MNB and MNE using FINN and GFAS emission inventories in Upper Southeast Asia. The authors 

stated that the model performs reasonably well at Tap Mun station using GFAS and FINN, with 

MNB and MNE below 50%. However, at Yupparaj station, FINN overestimated PM2.5 with MNE 

and MNB bigger than 200%. 
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Table 4.2 Model performance evaluation of modelled PM2.5 concentrations using QFED2.5 and 
GFED4 and observational data from stations in British Columbia. Months from May-August 

Statistic 
PM2.5 (Valemount Station) 

GEOS-Chem-QFED GEOS-Chem-GFED Observations 

Months M J JY A M J JY A M J JY A 

Average 

(𝜇g/m3) 
2.59 1.76 2.07 2.48 2.22 1.64 1.82 2.23 5.82 3.89 6.16 6.3 

MNB (%) -46.87 -50.02 -37.67 -41.42 -55.16 -53.10 -43.96 -48.36     

MNE (%) 53.46 50.75 62.82 57.29 56.01 53.18 62.40 -54.49     

Corr 0.32    0.23        

 

Statistic 
PM2.5 (Fort St John 85th Avenue Station) 

GEOS-Chem-QFED GEOS-Chem-GFED Observations 

Months M J JY A M J JY A M J JY A 

Average 

(𝜇g/m3) 
2.10 1.61 1.74 2.26 2.24 1.51 1.36 1.75 4.85 3.52 3.3 3.4 

MNB (%) -42.28 -44.65 -28.22 -12.12 -38.57 -48.43 -38.79 -7.26     

MNE (%) 53.26 47.58 46.90 57.95 50.60 50.17 51.85 55.49     

Corr 0.60    0.56        
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Statistic 
PM2.5 (Richmond South Station) 

GEOS-Chem-QFED GEOS-Chem-GFED Observations 

Months M J JY A M J JY A M J JY A 

Average 

(𝜇g/m3) 
5.63 3.74 4.11 7.23 5.29 3.62 3.96 4.64 4.3 3.64 5.15 3.8 

MNB (%) 59.94 62.99 28.64 126 51.81 -58.94 -25.36 42.90     

MNE (%) 68.05 93.45 60.03 135 64.02 91.79 59.31 68.28     

Corr 0.12    0.11        

 

Table 4.3 summarize the statistics for stations in Northwest Territories. In July, the model 

performance with QFED2.5 inventory is reasonably better than in other months (MNB below 

50%), whereas the simulated PM2.5 concentrations with GFED4 were highly underestimated with 

MNB greater than 50% in July. The model performance of simulated PM2.5 with QFED2.5 is better 

than simulated concentrations with GFED4 at Norman Wells station, with higher correlation and 

lower MNB and MNE (Table 4.3). The model results with both inventories show a low correlation 

with observations at the Yellowknife station (rQFED=0.34 and rGFED=0.35). The monthly average 

concentrations with both model simulations are approximately three times smaller than 

observations at Yellowknife and Fort Smith stations. Nonetheless, GEOS-Chem-QFED2.5 

performs better in every station, especially in July and August. Overall, GEOS-Chem QFED2.5 

and GFED4 perform similarly in Northwest Territories' stations, while QFED2.5 simulated results 

perform better at Norman Wells station. 
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Table 4.3 Model performance evaluation of modelled PM2.5 concentrations using QFED2.5 and 
GFED4 and observational data from stations in Northwest Territories. Months from May-August 

Statistic 
PM2.5 (Yellowknife Station) 

GEOS-Chem-QFED GEOS-Chem-GFED Observations 

Months M J JY A M J JY A M J JY A 

Average 

(𝜇g/m3) 
1.61 1.58 1.39 1.30 1.60 1.55 1.38 1.26 3.71 3.35 3.9 3.93 

MNB (%) -75.74 -71.79 -18.09 -61.79 -77.12 -64.43 -67.48 -74.27     

MNE (%) 75.74 71.59 56.06 62.78 77.12 64.43 72.48 74.27     

Corr 0.34    0.35        

 

Statistic 
PM2.5 (Fort Smith Station) 

GEOS-Chem-QFED GEOS-Chem-GFED Observations 

Months M J JY A M J JY A M J JY A 

Average 

(𝜇g/m3) 
0.89 0.96 1.39 1.30 0.87 1.30 1.38 1.26 3.77 3.6 5.15 3.93 

MNB (%) -69.62 -70.24 -44 -58.08 -70.76 -67.90 -77.53 -73.17     

MNE (%) 69.62 70.24 48 59.78 70.76 67.90 77.53 73.17     

Corr 0.43    0.41        
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Statistic 
PM2.5 (Norman Wells Station) 

GEOS-Chem-QFED GEOS-Chem-GFED Observations 

Months M J JY A M J JY A M J JY A 

Average 

(𝜇g/m3) 
0.79 0.87 2.3 1.75 0.75 1.45 1.46 0.85 4.42 4.4 3.6 5.1 

MNB (%) -79.22 -73.68 -46.40 -68.49 -80.18 -53.26 -61.04 -81.24     

MNE (%) 79.22 73.68 81.35 68.55 80.18 66.16 68.95 81.24     

Corr 0.45    0.23        

 

This part of the results shows that different BB emission inventories impact the modelled PM2.5 

concentrations depending on the location and time. In general, the model outputs with both 

inventories perform similarly. QFED2.5 and GFED4 modelled outputs agree on temporal patterns 

among British Columbia's stations, whereas they often vary in the Northwest Territories. These 

results depict that QFED2.5 performs slightly better than GFED4 and both inventories show 

uncertainties that might be originating from different emission factors, LULC categorization, and 

inventory development approach in Canada. 
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4.3 Understanding the contribution of BB in Canada  

This part of the results focuses on the Canadian BB influence on urban air quality using sensitivity 

and back-trajectory analyses. The previous section of the results shows that GEOS-Chem run with 

QFED2.5 performs slightly better in locations selected in this study. Therefore, further analysis 

with the model to identify the BB influence is performed with QFED2.5 inventory. To answer the 

question of "Is there an elevation in PM2.5 concentrations when we include Canadian BB 

emissions?", two sensitivity simulations were performed: one simulation with BB emissions in 

which all sources are included in the model and one simulation with NO-BB emissions in which 

BB emission in Canada excluded. Thus, PM2.5 concentrations using only BB emissions in each 

station were calculated by the difference between the all-source and non-BB concentrations. This 

is referred as “BB-ONLY” in the rest of the thesis, which indicates model concentrations predicted 

with only using Canadian BB emissions.  

 

Firstly, the BB impact on the stations was analyzed using CO as a tracer. Figure 4.8 shows the 

relationship between modelled PM2.5 and CO concentrations using BB-ONLY emissions at air 

quality monitoring stations in British Columbia. Pearson's correlation coefficient was shown to 

illustrate the strength in the relationship (Table 4.4). The plots represent moderate to strong 

correlation coefficients (R2>0.65). For instance, the most substantial relationship between the 

modelled tracer and PM2.5 concentrations was observed at Richmond South station (R2=0.99), 

whereas Fort St John 85th Avenue station shows a moderate correlation with R2=0.67. Likewise, 

Figure 4.9 represents the relationship between modelled CO and PM2.5 concentrations at the 

stations in Northwest Territories. While Yellowknife station has the highest correlation with 

R2=0.90, Fort Smith and Norman Wells stations have a similar level of relationship with 
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approximately R2=0.80. Overall, this approach reveals that Canadian BB has a noticeable influence 

on the PM2.5 levels at these stations.  

 

 
Figure 4.8 Linear correlation between modelled PM2.5 and CO concentrations using only BB 

emissions at different air quality monitoring stations in British Columbia. The red line is the line 

of best fit. 
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Figure 4.9 Linear correlation between modelled PM2.5 and CO concentrations only BB emissions 

at different air quality monitoring stations in Northwest Territories. The red line is the line of 

best fit. 

Secondly, Canadian BB influence was assessed by finding the slope of modelled PM2.5 and CO 

using BB-ONLY emissions. For the stations in British Columbia, the slope is in the range of 0.18-

0.95 𝜇g/m3/ppbv, while the slope range is 0.11-0.31 𝜇g/m3/ppbv for the sites in Northwest 

Territories. The literature observes the slope for BB events higher than ~0.13 𝜇g/m3/ppbv 

(Dutkiewicz et al., 2011; Laing et al., 2017). For instance, Laing et al.(2017) found wildfire events 

at different stations in the U.S. in the range of 0.057-0.228 𝜇g/m3/ppbv. Despite matching slopes 

with the literature, the PM2.5 /CO is the lowest in Fort St John 85th Avenue and Norman Wells 
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stations. Additionally, the correlation between modelled PM2.5 and CO is moderate at these stations 

compared to the other sites. The difference might be due to high CO concentrations observed at 

these stations, while PM2.5 concentrations are relatively low (Figure 4.8 and Figure 4.9). Therefore, 

the observed points with high CO and relatively low PM2.5 levels were identified using the scatter 

plots with the dates to understand the driving source (Figure 4.10).  

Table 4.4 The slope of PM2.5/CO for each station and Pearson correlation coefficients 

Stations 
PM2.5/CO (𝜇g/m3/ppbv) 

slope R2 

British Columbia 
Valemount 0.675 0.88 

Fort St John 85th Avenue 0.189 0.67 
Richmond South 0.950 0.99 

Northwest 
Territories 

Yellowknife 0.260 0.90 
Fort Smith 0.310 0.80 

Norman Wells 0.109 0.79 
 

Figure 4.10 shows that the first week of July (especially July 5th) has high concentrations for CO 

and relatively smaller PM2.5 levels at Fort St John 85th Avenue station. This thesis plots the 

fractions of biomass burning to all sources for modelled CO and PM2.5 concentrations as shown in 

Appendix A. Figure A1. 7 demonstrates that the fraction of BB for PM2.5 increases as significantly 

as fractions for modelled CO concentrations on July 5th. Moreover, BlueSky forecasts illustrate 

smoke formation over the station around July 5th as shown in Figure A4. 1. The smoke formation 

might have caused a sudden elevation of CO concentrations, while PM2.5 concentrations are 

relatively low, which is possibly due to the small contribution of a secondary PM that requires 

certain conditions to be formed. At Norman Wells station, the dates scatter plot indicates that 

modelled CO concentration is high on June 17th, whereas modelled PM2.5 concentration is low. 

Figure A1. 10 validates that the contribution of BB to modelled CO concentrations is substantially 

higher than contributions of BB to modelled PM2.5 concentrations in mid-June. The reason might 
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be the longer lifetime of CO than PM2.5. Thus, this might indicate an aged CO concentration 

observed at the station.  

 

Figure 4.10 Linear correlation between modelled PM2.5 and CO concentrations at Fort St John 

85th Avenue and Norman Wells stations with the dates indicated 

To answer the question of "How much the background PM2.5 concentration increases when we 

include Canadian BB emissions?", the BB influence was determined quantitatively using the 

average modelled PM2.5 concentrations (averaged over the months used in this study) for NO-BB 

influence and BB-ONLY influence scenarios. Table 4.5 shows that the Canadian BB influence is 

the largest at Yellowknife and Fort Smith stations, with more than a 42% increase in modelled 

PM2.5 concentrations. On the other hand, Fort St John 85th Avenue and Norman Wells depict more 

negligible percentage differences between NO-BB and BB-ONLY influenced PM2.5 

concentrations, 8.46% and 1.47%, respectively. Although Student's t-test indicated that Canadian 

BB influence is significant at these stations, average modelled PM2.5 concentrations are not 

elevated drastically. For instance, the stations with the highest influence do not exceed the average 

PM2.5 concentration of 2 𝜇g/m3. However, the average PM2.5 concentration (4.44 𝜇g/m3) at 

Richmond South station increases to 5.19 𝜇g/m3 with a Canadian BB influence of 16.82%. 
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According to Figure A1. 3, biomass burning led to high PM2.5 levels overall in August at Richmond 

South station, with a sudden increase in mid-August. To understand the source of BB influence, 

Hybrid Single-particle Lagrangian Integrated Trajectory (HYSPLIT) model was run in the 

backward mode for 72 h with 6 h periods (full description can be found in Section A2. HYSPLIT 

model). The back trajectory analysis was then compared with the fire hotspot data acquired from 

Fire Information for Resource Management System (FIRMS). As shown in Figure A2. 1 and 

Figure A2. 2, air parcel is originated from the western U.S. reaches Richmond South in mid-

August. This is likely to be the reason for amplified PM2.5 concentrations in mid-August after a 

sudden drop that was observed after the second week (Figure A1. 3 and Figure A1. 4). 

Additionally, FIRMS data indicates fire hotspots located in the western U.S. spatially match the 

backward trajectories, as shown in Figure A3. 1. Additionally, BlueSky Canada's archived 

forecasts were used to test this hypothesis. BlueSky predicts a smoke plume rising from the west 

of Seattle passing over Vancouver in mid-August. This shows that smoke transport from the 

western U.S. affects the air quality in the region. Thus, BB emissions' influence might be stronger 

in Richmond South if the U.S. fire emissions were included in the sensitivity analysis.  
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Table 4.5 Average modelled concentration of PM2.5 with and without Canadian BB influence. 
Results of the Student's t-test was represented as "s" if p<0.05, "ns" if p≥0.05 

Stations 

Average PM2.5 (𝜇g/m3) 

p <0.05 
Canadian BB 

Influence (%) 
NO-BB 

INFLUENCE 

BB-ONLY 

INFLUENCE 

Valemount 2.00 2.24 s 11.71 

Fort St John 85th 

Avenue 
1.78 1.93 s 8.46 

Richmond South 4.44 5.19 s 16.82 

Yellowknife 0.95 1.35 s 42.25 

Fort Smith 1.09 1.55 s 42.77 

Norman Wells 1.43 1.41 s 1.47 

 
The further analysis focuses on the stations with the highest Canadian BB influence. Although the 

PM2.5 concentrations at Yellowknife and Fort Smith stations are not as large as concentrations at 

Richmond South station, the Canadian BB influence is high on these stations with more than 42%. 

To understand the reason for BB impact on these regions, HYSPLIT and FIRMS data were 

compared after identifying the contribution of BB to PM2.5 concentrations from fraction plots as 

illustrated in Appendix A. At Yellowknife station, the plots show that PM2.5 levels are affected 

significantly in mid-June and July, with a sudden increase in the last week of July (Figure A1. 5). 

The back trajectory analysis shows air mass passing across the South region but originates from 

the east of Canada, as shown in Figure 4.11. FIRMS data also indicate that fire hotspots are 

detected in the Northwest and South of the station Figure 4.12. The peak concentrations are 

observed around June 14-15th in Yellowknife station. The air parcel coming from North Canada at 
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1000-1500 m dominates on the peak days, as shown in Figure 4.11. FIRMS does not detect fire 

spots on the far North of the station (Figure 4.12). Therefore, the trajectories coming from the 

North might represent the long-range air mass potentially originated in a neighbouring country. 

The long-distance travelled air parcel might bring air pollutants that foster secondary PM2.5 

generation. On the other hand, BlueSky forecasts do not predict any smoke passing over the 

stations those days. Likewise, the back trajectories for the last week of July show that the air parcel 

travels from North at higher altitudes (1500 m) to the surface on July 24th (Figure 4.11). The green 

Lagrangian path illustrates that air originated in a nearby fire hotspot travels from 500 m to the 

North as shown in Figure 4.11 part C. Finally, it reaches the surface in the last week of July. The 

effect of meteorological conditions such as prevailing wind might be the driving force of this 

trajectory behaviour (the green Lagrangian path). This transboundary effect might dominate the 

elevated PM2.5 concentrations in the last week of July in Yellowknife station.  
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A)  
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C)  

Figure 4.11 Back trajectories for Yellowknife station initiated at different heights. A) Beginning 
on 0000 June 13th and ending on 2300 UTC June 15th B) Beginning on 0000 UTC June 16th and 
ending on 2300 UTC June 18th C) heights beginning on 0000 UTC July 22nd and ending on 2300 
UTC July 24th 

 



 73 

 

 

Figure 4.12 Fire hotspots recorded in the last week of July (image up) and mid-June (image 

down) and the location of Yellowknife station 

Biomass burning in Canada contribute significantly to the air quality in Fort Smith station, with a 

42.77% change. According to Figure A1. 7, the contribution of BB to PM2.5 concentrations peaks 

overall in July, while a drastic change is observed in the fraction of BB for modelled CO 

concentrations in the last week. Fire hotspots were detected around the station in July, as shown 

in Figure 4.13, which intercept with the backward trajectories started from the North of the source 
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and reached the source on July 25th, as shown in Figure 4.14. However, the air parcel that 

originated in the far North is likely to be a long-range travelled parcel. Similar to Yellowknife 

station, secondary PM formation was possibly stimulated in the last week of July at Fort Smith 

station due to carried transboundary and long-range pollutants. The trajectories for mid-July 

highlights the Canadian-originated Lagrangian paths that reach the station, as illustrated in Figure 

4.14. 

 

Figure 4.13 Fire hotspots recorded in July and the location of Fort Smith station 
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A)  
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B)  
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C)  

Figure 4.14 Back trajectories for Fort Smith station initiated at different heights A) beginning on 
0000 UTC July 13th and ending on 2300 UTC July 15th B) beginning on 0000 UTC July 18th and 

ending on 2300 UTC July 20th C) beginning on 0000 UTC July 23rd and ending on 2300 UTC 
July 25th  
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5 Conclusion 

This section concludes the study by providing the main findings of the analysis related to the 

research aim and questions. It also presents the contribution and the limitations of the research and 

proposes future recommendations. 

 

This study aimed to investigate how BB emissions vary using QFED2.5 and GFED4 emission 

inventories, assess the impact of different inventories on simulating PM2.5 concentrations, and 

understand the contribution of BB in Canada. The analysis results indicate that GFED4 predicted 

~3 times higher CO emissions than QFED2.5 in total, while QFED2.5 predicted higher BC and 

OC emissions except for June by a factor of 2-6. In addition, these emission estimations led to 

differences in modelled concentrations. For example, the average CO concentrations simulated 

with GFED4 produced five times higher than simulation outputs with QFED2.5 inventory in 

Canada. Similarly, the average concentrations of BC and OC showed higher values for simulations 

with QFED2.5 than simulations with GFED4.  

 

The monthly average modelled PM2.5 concentrations illustrated slight differences at the studied air 

quality monitoring stations in British Columbia and Northwest Territories. The modelled PM2.5 

concentrations using QFED2.5 and GFED4 inventories matched in temporal patterns and 

magnitude in British Columbia’s stations with slight differences. In Northwest Territories, 

QFED2.5 predicted 2-3 times higher PM2.5 concentrations than GFED4 especially in July and 

August. However, both inventories illustrated almost identical temporal pattern and magnitude of 

PM2.5 concentrations at Yellowknife station. The model performance was evaluated using 

observational data from ground-level measurements at the six monitoring stations. The overall 
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results showed that QFED2.5 performs slightly better than GFED4, with smaller MNB and MNE 

at most of the stations. Moreover, the model predictions with QFED2.5 illustrated higher 

correlation with observations than GFED4 predictions. Therefore, the further analysis used 

QFED2.5 inventory to identify the influence of Canadian BB emissions on modelled PM2.5 

concentrations at the monitoring stations. The slope of modelled PM2.5 and CO indicated that 

Canadian BB has a tangible influence at the stations, with slopes higher than ~0.13 𝜇g/m3/ppbv. 

The results also revealed that Canadian BB affect the local air quality, increasing modelled PM2.5 

concentrations more than 42% at Fort Smith and Yellowknife stations. The back trajectory analysis 

demonstrated the potential source of BB influence in these regions. Comparing the HYSPLIT 

outputs and FIRMS data indicates that the BB influence was either due to long-range or/and 

transboundary transport. These findings highlighted the importance of using emissions data in the 

air quality modelling system that leads to different decision-making on air quality management in 

Canada. Despite the discrepancy between fire emissions originating from the use of different 

inventories, PM2.5 concentrations are predicted similarly in most of the stations, especially in the 

first two months of the fire season in Canada. However, there are tangible differences in PM2.5 

predictions in July and August, especially in Northwest Territories. This finding relates to the 

literature findings that discuss the impact of variable BB inventories on smoke concentrations. 

Moreover, one inventory might be more optimal than the other in some regions. These findings of 

this thesis might shed light on the selection of suitable fire inventory to simulate particulate matter 

in Northwest Territories and British Columbia regions. 

 

The current study contains several limitations that should be considered in interpreting the 

findings. Firstly, the coarse resolution used in this study might be limited in catching the spatial 
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distribution of emissions. Although the model covers the stations in its grid cell, the coarse-scale 

simulations bring errors and biases in representing the spatial variability of aerosols, which can be 

highly concentrated in fine plumes. Secondly, the visual comparison of GEOS-Chem outputs and 

BlueSky forecasts might miss a detailed interpretation of BB influence in the region. Thirdly, this 

study does not distinguish secondary PM concentrations that might clarify the significance of their 

contribution to the elevated PM2.5 concentrations at the stations. Lastly, the back trajectory analysis 

is limited to three days to prevent the chaotic exhibition of air parcel dispersion. However, this can 

be limited in representing source interactions of long-persisting pollutants such as CO. 

 

In conclusion, the differences between BB inventories carry uncertainties in air quality predictions 

such as emission factors, dry matter, and LULC categorization used in the estimation of biomass 

burning emissions. It is recommended that further analysis should be performed with incorporating 

emission uncertainties, which may provide more understanding on the ability of these inventories 

on predicting air quality. This study suggests that QFED2.5 inventory is more representative of 

biomass burning emissions than GFED4 in the assessed regions in Canada. However, finding the 

optimal fire emissions in different areas of the world remains a research question to be answered. 

Moreover, the analysis with fine resolutions at the stations might better understand species' spatial 

distribution.  
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7 Manuscript: “How sensitive are PM2.5 concentrations to variable 

biomass burning inventories in Canada” 

 This is a draft manuscript that contains original research by Tugce Erdem as the primary 

contributor. This section is formatted according to the potential journal to be submitted, 

“Environmental Research Letters”. 

Abstract 

Biomass burning is an important contributor to PM2.5 concentrations in Canada, which is 

associated with air quality and climate impacts. Estimating correct fire emissions is essential for 

air quality predictions; however, finding an optimal and regionally representative fire emission 

inventory is challenging. This study evaluated the variability of modelled PM2.5 concentrations 

using two global fire emission inventories, the Global Fire Emissions Database 4 (GFED4) and 

the Quick-Fire Emissions Database 2.5 (QFED2.5), in Canada. The GEOS-Chem modelling 

system was used for the 2020 fire season (May-August). QFED2.5 estimated approximately 2-6 

times larger BC and OC emissions during assessed months except for June; and GFED4 estimated 

roughly three times higher total nationwide CO emissions than QFED2.5. These inventories 

showed similar total nationwide BC and OC emissions. The differences in emission estimates led 

to differences in magnitude, spatial and temporal variations for simulated PM2.5 concentrations at 

six air quality monitoring stations in Canada. The comparison of the model results with ground-

level station measurements at the stations showed that the model performs slightly better with the 

QFED2.5 inventory. We also conducted a sensitivity analysis with and without Canadian biomass 

burning emissions which illustrated an increase in PM2.5 levels by more than 42% at Fort Smith 

and Yellowknife stations. Our analysis suggests that QFED2.5 inventory represents Canadian 

biomass burning emissions slightly better than GFED4 at the monitoring stations studied during 
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the assessed months. Further evaluation of emission inventories in different regions by integrating 

the emission uncertainties is required to understand the suitability of QFED2.5 and GFED4 for 

PM2.5 simulations in different areas in Canada. 

Keywords: biomass burning, air quality, particulate matter 

1. Introduction 

Biomass burning (BB) comprises wildfires, agricultural burning, and prescribed fires that are 

significant sources of gaseous and particulate air pollutants released into the atmosphere, 

deteriorating air quality and climate. Emitted BB aerosols contain a large amount of particulate 

matter that primarily consists of black carbon (BC) and organic carbon (OC) (Bond et al., 2013). 

For instance, Dreessen et al. (2016) found that BC and OC in the Maryland region dominated peak 

daily Canadian wildfire-attributable fine particulate matter (PM2.5). Studies focused on the impact 

of wildfires on local air quality and showed that biomass burning leads to a significant increase in 

PM2.5 levels (Bari & Kindzierski, 2018; Y. Cheng et al., 2013; J. C. Liu et al., 2016; Schneider et 

al., 2021; van Donkelaar et al., 2011). These aerosols can travel long distances and affect air quality 

by posing a threat to human health. For instance, In Canada, wildfires are the leading source of 

population-weighted PM2.5, with 17.1% of the total sectoral contribution. Exposure to PM2.5 can 

lead to cardiovascular and respiratory diseases and mortality, with 8.9 million annual deaths 

globally (R. Burnett et al., 2018b; Crouse et al., 2015; Kloog et al., 2013; Lepeule et al., 2012; 

Pinault et al., 2017; Z. Zhang et al., 2021). A recent study found that exposure to PM2.5 from 

wildfires in Canada leads to thousands of premature deaths per year (Matz et al., 2020). The release 

of aerosols from BB might also alter the Earth’s radiative balance by absorbing and scattering the 

incoming solar radiation (Fazel-Rastgar & Sivakumar, 2022; Healy et al., 2017; Kirsanov et al., 

2020; Sand et al., 2013; Thornhill et al., 2018). For instance, BC at low altitudes causes the 
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absorption of incoming solar radiation, leading to a direct annual mean radiative forcing of +0.04 

W/m2 on snow and ice due to a decrease in surface albedo (Masson-Delmotte et al., 2021). In 

contrast, OC scatters the radiation, leading to a negative direct radiative effect. However, BC at 

high altitudes can prevent incoming solar radiation from reaching the Earth’s surface, leading to 

negative radiative forcing.  

It is important to improve air quality impact predictions; thus, it is necessary to estimate accurate 

BB emissions. The literature has studied the effects of different BB inventories on estimating BB 

emissions and air quality using chemical transport models. They showed that inventory choice 

leads to different concentration predictions due to uncertainties associated with fire size, types, 

and loads. Studies using the most commonly used global BB inventories (QFED, GFED, FINN 

and GFAS) have found spatial and temporal differences in predicted BB emissions and smoke 

concentration among the inventories used (Ballesteros-González et al., 2020; Carter et al., 2020; 

T. Liu et al., 2020; Pan et al., 2020; Vongruang et al., 2017b; Xie et al., 2020). For example, they 

showed that QFED predicts roughly 4-5 times BC and OC emissions than GFED, particularly in 

the boreal region (Carter et al., 2020; T. Liu et al., 2020; Pan et al., 2020; Xie et al., 2020). Pan et 

al. (2020) found that BB emission inventories have large discrepancies in the Middle East, 

temperate and boreal Northern America, and Europe, while fewer differences in Southern and 

Northern Hemisphere Africa and equatorial Asia are observed using the GEOS model. In addition, 

the authors found that the BB inventories demonstrate similar seasonal changes with different 

magnitudes. On the other hand, Carter et al. (2020) found that GFED4 predicts larger aerosol 

concentrations in North American boreal regions than QFED2.4. These two inventories use 

different approaches to calculate the burned area, which is one of the sources of variability between 

the inventories.  



 105 

Overall, the authors revealed that selecting a more representative BB emission inventory for 

specific regional air quality predictions is challenging. Thus, it is essential to assess different BB 

inventories on simulating PM2.5 concentrations in individual cities and evaluate the BB influence 

due to Canadian BB emissions at different locations in Canada. This study aims to contribute to 

the enhancement of chemical transport models, the development of suitable and accurate BB 

inventories, and understanding the BB influence in Canada by focusing on answering three main 

questions 

1- What is the difference in BB emission estimations using QFEDv2.5 and GFEDv4 

inventories in Canada? 

2- What is the sensitivity of modelled PM2.5 concentrations to different BB inventories in 

various regions in Canada? 

3- What is the contribution of Canadian BB emissions at six air quality monitoring stations in 

Canada to elevated PM2.5 concentrations? 

2. Method 

This section describes the chemical transport model, two global biomass burning emission 

inventories, air quality monitoring data, and back trajectory analysis used in this study.  

We use GEOS-Chemv13.2.1, a free-access global chemical transport model, to investigate the 

effect of two different BB inventories on simulating PM2.5 concentrations and understand the BB 

influence in Canada. Modern Era Retrospective-Analysis for Research and Applications 

(MERRA2), from NASA Global Modelling and Assimilation Office (GMAO), was used as a 

meteorological input to the model. The model simulations were performed at a horizontal grid 

resolution of 2 x 2.5 and 47 vertical levels with a tropospheric chemistry mechanism. The 

simulations were conducted for the 2020 fire season (May-August) with four months of spin-up 
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(January-April). Two global BB inventories available in the Harmonized Emissions Component 

(HEMCO) software were used to compute model-ready emissions. Two scenario simulations were 

conducted to estimate the BB influence at air quality monitoring stations in British Columbia and 

Northwest Territories: one scenario with FIRE emissions included plus all sources and one 

scenario with NO-FIRE emissions in which Canadian BB emissions were excluded from all the 

sources. A mask file was prepared using the HEMCO configuration file to exclude Canadian BB 

emissions. The biomass burning emission inventories used in this study are GFEDv4 and 

QFEDv2.5. A detailed comparison of these two inventories is provided in the following section.  

2.1 Biomass Burning Emission Inventories 

Here we describe two widely used global biomass burning emission inventories, GFEDv4 and 

QFEDv2.5. GFEDv4 is the default BB inventory used in GEOS-Chem v13.2.1. The bottom-up 

approach is used in the development of the GFEDv4 inventory. This approach uses the burned area 

and emission factors to estimate BB emissions, which can be formulated as follows (Ichoku & 

Kaufman, 2005; Seiler & Crutzen, 1980): 

 

𝑀𝑠 =  𝐸𝐹𝑠  × 𝑀𝑏𝑖𝑜𝑚𝑎𝑠𝑠  (7) 

𝑀𝑏𝑖𝑜𝑚𝑎𝑠𝑠 = 𝐴 ×  𝐵 ×   ×   (8) 

 

where Ms is the mass of emitted species s, EFs is the emission factor for the emitted species s, and 

Mbiomass is the mass of the dry biomass burned. In equation 2, A represents the total burned area, B 

is the biomass available per unit area, 𝜆 is the fraction of the average above-ground biomass 

relative to B, and 𝛽 is the burning efficiency. The burned areas are obtained from the NASA 

Moderate Resolution Imaging Spectroradiometer (MODIS) satellite product, MCD64A1, for 
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mapping. GFEDv4 gives monthly emissions at a horizontal resolution of 0.25° available from 1997 

to 2021. The emission factors of GFEDv4 are based on Akagi et al. (2011). 

QFEDv2.5 quantifies the burned area using a top-down approach that is based on the linear 

relationship between fire radiative energy (FRE) released during the combustion and the mass of 

biomass burned during the combustion. FRE is the time-integrated Fire Radiative Power (FRP) 

which is the chemical energy released by biomass combustion: 

 

𝐹𝑅𝐸 = ∫ 𝐹𝑅𝑃(𝑡)𝑑𝑡
𝑡2

𝑡1
  (9) 

 

The mass of species emitted, 𝑀𝑠, is estimated relying on the FRP observations by satellites (Carter 

et al., 2020; Costa & Fonseca, 2017): 

 

𝑀𝑠 =  𝐶𝑒  ×  𝐸𝐹 ×  𝐹𝑅𝐸  (10) 

 

where 𝐶𝑒 is the combustion coefficient (kg MJ-1), EF is the emission factor (g species per kg 

biomass burned), and FRE is the energy released (J). QFEDv2.5 obtains the FRP from MODIS 

products: MOD14 and MYD14. QFEDv2.5 generates daily BB emissions at a resolution of 0.1°. 

The emission factors are from Andreae and Merlet (2001). 

2.2 Air Quality Data 

This study uses surface ground measurements from six monitoring stations in Canada. The daily 

24-hour average data from May to August 2020 was acquired from the Ministry of British 

Columbia and Northwest Territories. The monthly averaged data were calculated using the daily 
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24-h average data collected from the ground measurements to compare with averaged monthly 

model outputs. The selected air quality monitoring stations are described in Table 7.1. 

Table 7.1 Description of ground measurement stations (National Air Pollution Surveillance 
Program, 2021) 

Provinces Stations Latitude Longitude 

 
British 

Columbia 

Valemount 52.832459 -
119.269821 

Fort St John 
85th 

Avenue 
56.231792 -

120.853895 

Richmond 
South 49.1414 -123.1083 

 
Northwest 
Territories 

Yellowknife 62.452084 -
114.364031 

Fort Smith 60.004486 -
111.893377 

Norman 
Wells 65.279676 -

126.812887 
 

Several statistical parameters were used to evaluate the model performance by comparing model 

predictions with observational data. These metrics are mean normalized bias (MNB), mean 

normalized error (MNE), and Pearson’s correlation coefficient (r). We also performed Student’s 

t-test analysis to assess if there is a statistical significance between the means with and without 

Canadian BB influence. The p-value was calculated following a two-sided test. If the p-value is 

higher than 0.05, there is a significant difference, whereas if p<0.05, there is no statistical 

significance between the means. 

2.3 Back Trajectory Analysis and Fire Locations 

We conducted back trajectory analysis using NOAAs’ hybrid single-particle Lagrangian integrated 

trajectory (HYSPLIT) model at Richmond South station, which has an elevation of 15 m. The back 

trajectories were run for 72 h with 6 h periods to comply with the Canadian Council of Ministers 

of the Environment, starting from the location of the monitoring station for August 2020 (Canadian 
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Council of Ministers of the Environment, 2019b). We selected GDAS’ meteorological data with a 

resolution of 1 degree for the analysis. 

We obtained fire hotspot locations from the Fire Information for Resource Management System 

(FIRMS) to detect the fire location in August at Richmond South station. 

3. Results and Discussion 

This section of the research provides the results and discussion by addressing the three main 

objectives: 

1- Investigating the effect of different BB inventories on estimating BB emissions 

2- Assessing the impact of variable BB inventories on modelled PM2.5 concentrations 

3- Understanding the BB influence in Canada 

1- Investigating the effect of different BB inventories on estimating BB emissions 

The total monthly nationwide CO, BC, and OC emissions estimated by QFED2.5 and GFED4 are 

compared in Figure 7.1. The emissions estimated by GFED4 are the highest in June for all the 

species, whereas BC and OC emissions from QFED2.5 are larger in the remaining modelled 

months. For instance, QFED2.5 estimates approximately 2-5 times higher BC and OC emissions 

for July and August, while the difference is approximately a factor of 3 for BC and roughly 6 times 

for OC in May. Likewise, Xie et al. (2020) and Carter et al. (2020) found that the emissions of OC 

and BC are higher with QFED2.5 than estimations with GFED4. Although the variability of OC 

and BC emissions over the months is distinctive for both inventories, the total BC and OC 

emissions over the fire season are similar in magnitude in Canada. However, total nationwide 

emissions of CO over the season with GFED4 are larger by a factor of ~3 than total CO emissions 

with QFED2.5. This may be due to the large difference in CO emission estimations by QFED2.5 

and GFED4 in June. 
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Figure 7.1 Comparison of monthly total nationwide CO, BC, and OC emissions using QFED2.5 
and GFED4 inventories 

2- Assessing the impact of variable BB inventories on modelled PM2.5 concentrations 

This section compares the modelled PM2.5 concentrations with QFED2.5 and GFED4 inventories 

and observational data from the air quality monitoring stations in British Columbia and Northwest 

Territories. Figure 7.2 shows that modelled PM2.5 concentrations with QFED2.5 generally agree 

with GFED4 simulated outputs at British Columbia’s stations. In contrast, the observations are 

higher than the modelled concentrations during the season at each station except for Richmond 

South. We expect to observe underestimated PM2.5 levels by the model outputs due to averaging 

of concentrations in each grid cell by the model. Nevertheless, the high levels of PM2.5 predictions 



 111 

in Richmond South indicate a potential emission source contributing to the high levels, which is 

likely to be smoke transport from the western U.S. to western Canada. Although GFED4 and 

QFED2.5 show a matching temporal pattern in British Columbia’s stations except for Richmond 

South station, QFED2.5 estimates a sudden PM2.5 increase in August at Richmond South station, 

while GFED4 show a similar magnitude to the observational data. 

 

Figure 7.2 Comparison of monthly average PM2.5 concentrations between QFED2.5, GFED4, 
and ground-based measurements at the monitoring sites in British Columbia 

In Northwest Territories, the temporal variation of PM2.5 indicates a tangible difference between 

the two inventories, especially during the end of the season at each station except for Yellowknife 

station, as shown in Figure 7.3. For instance, QFED2.5 predicts nearly 2-3 times higher PM2.5 
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concentrations than GFED4 at Fort Smith and Norman Wells stations in July and August. Despite 

the magnitude discrepancy between observations and QFED2.5 predictions, the temporal 

variations throughout the fire season indicate similar patterns at Fort Smith station. On the other 

hand, GFED4 shows almost a constant average PM2.5 concentrations during the season at Fort 

Smith station. On the other hand, the inventories match in both temporal variation and magnitude 

at Yellowknife station. The comparison of model outputs with ground measurements suggests that 

the predicted concentrations are underestimated by a factor of ~3 at Yellowknife station. This 

underestimation is consistent with all stations in Northwest Territories, as shown in Figure 7.3. 

 

 

Figure 7.3 Comparison of monthly average PM2.5 concentrations between QFED2.5, GFED4, 
and ground-based measurements at the monitoring sites in Northwest Territories 
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Table 7.2 and Table 7.3 give the evaluation of the model performance of modelled PM2.5 

concentrations using QFED2.5 and GFED4 inventories. This evaluation was completed for the six 

monitoring stations studied in this research using mean normalized bias (MNB), mean normalized 

error (MNE), and correlation between model outputs and observations. The average PM2.5 

concentration calculated over the fire season for QFED2.5 and GFED4 indicates similar 

magnitudes, whereas observations are approximately 3-4 times larger than modelled outputs. The 

modelled results illustrate a moderate correlation for QFED2.5 (r2=0.60) and GFED4 (r2=0.56) at 

Fort St John 85th Avenue station, whereas the remaining stations show a correlation smaller than 

0.5 (r2 < 0.50). However, the model performance is relatively good at Fort St John 85th Avenue 

station, with MNB below 50% and MNE approximately 50% for both inventories. The modelled 

PM2.5 concentrations are overestimated at Richmond South station with positive MNB slightly 

greater than 50%. In contrast, the rest of the stations illustrate negative MNB smaller than 50%, 

indicating an underestimation of PM2.5 concentrations. The modelled concentrations show 

reasonably good performance at Valemount station, MNB below 50%; nonetheless, observations 

are roughly two times larger than predictions with QFED2.5 and GFED4, 2.23 and 1.98 μg/m3, 

respectively. In Northwest Territories, both inventories overestimate modelled concentrations of 

PM2.5, with MNB and MNE greater than 50% and demonstrate a low correlation (r2 < 0.50). 

The model results at British Columbia’s stations provide relatively better performance than the 

model outputs at Northwest Territories’ stations. In general, the model performance of QFED2.5 

is slightly better than GFED4, with smaller MNB and MNE and a slightly larger correlation with 

observations at most of the stations. Overall, statistical parameters show that simulations using 

QFED2.5 and GFED4 have small differences and perform similarly, with slightly better 

performance by QFED2.5. 
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Table 7.2 Model performance evaluation of modelled daily PM2.5 concentrations using QFED2.5 
and GFED4 inventories at the stations in British Columbia 

Statistics 
PM2.5 (Valemount) PM2.5 (Fort St 85th Avenue) PM2.5 (Richmond South) 

QFED GFED Obs QFED GFED Obs QFED GFED Obs 

Average 

(𝝁g/m3) 
2.23 1.98 5.54 1.93 1.72 3.77 5.18 4.38 4.22 

MNB (%) -44 -50  -26 -33  69 45  

MNE (%) 56 57  51 52  89 71  

Corr 0.32 0.23  0.60 0.56  0.12 0.11  

 

Table 7.3 Model performance evaluation of modelled PM2.5 concentrations using QFED2.5 and 
GFED4 inventories at the stations in Northwest Territories 

Statistic 
PM2.5 (Yellowknife) PM2.5 (Fort Smith) PM2.5 (Norman Wells) 

QFED GFED Obs QFED GFED Obs QFED GFED Obs 

Average 

(𝝁g/m3) 
1.47 1.45 3.72 1.13 1.20 4.11 1.43 1.13 4.38 

MNB (%) -57 -71  -60 -72  -67 -69  

MNE (%) 66 72  62 72  76 74  

Corr 0.34 0.35  0.43 0.41  0.45 0.23  

 

3- Understanding the BB influence 

This section analyzes the influence of Canadian BB on air quality at the six monitoring stations 

through sensitivity analysis and focuses on identifying the potential sources of PM2.5. The second 

part of the results shows that QFED2.5 performs slightly better than GFED4 at the locations 
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studied. Thus, this section conducts the analysis using the QFED2.5 emission inventory. Firstly, 

CO is used as a tracer to understand the BB influence. The relationship between PM2.5 and CO 

was illustrated using scatter plots at the air quality monitoring stations (Figure 7.4 and Figure 7.5). 

Only Canadian BB emissions were used to show the correlation between modelled PM2.5 and CO 

concentrations for the fire season. Only Canadian BB emissions were calculated by subtracting the 

NO-FIRE case from the FIRE case. For instance, Figure 7.4 and Figure 7.5 illustrate the linear 

correlation between modelled PM2.5 and CO concentrations in British Columbia and the Northwest 

Territories. The plots show that the relationship is the strongest at Richmond South station, with 

R2=0.99 among all the stations, while Fort St John 85th Avenue station shows the lowest correlation 

between the tracer and PM2.5, with R2=0.67. Likewise, the correlation coefficient (R2) is higher 

than 0.75 in Northwest Territories, with the highest value in the Yellowknife station (R2=0.90), as 

given in Table 7.4. Overall, all the stations present a moderate to strong correlation that indicates 

a tangible impact of BB emissions on PM2.5 concentration at these stations.  
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Figure 7.4 Linear correlation between PM2.5 and CO concentrations using only fire emissions 

with model outputs for the fire season at the stations in British Columbia. The red line is the line 
of best fit. 
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Figure 7.5  Linear correlation between PM2.5 and CO concentrations using only fire emissions 

with model outputs for the fire season at the stations in Northwest Territories. The red line is the 
line of best fit 

 

Secondly, we use the regression slope of modelled PM2.5 and CO during only Canadian BB 

emissions to evaluate the Canadian BB influence. The slopes for British Columbia’s stations range 

from 0.18 to 0.95 𝜇g/m3/ppbv, whereas the range is shorter with 0.11-0.31 𝜇g/m3/ppbv in 

Northwest Territories (Table 7.4). We compared the slopes to other studies that reported the 

regression slopes during wildfire events. For instance, Laing et al. (2017) reported that the range 

is 0.057-0.228 𝜇g/m3/ppbv during a wildfire event in the U.S. Likewise, Dutkiewicz et al. (2011) 

observed that the slope is higher than ~0.13 𝜇g/m3/ppbv during wildfires. The strong correlation 

between the tracer and PM2.5 at Valemount and Richmond South stations also agrees with the 
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higher slopes found during BB periods (Table 7.4). Although the slopes from this research fall in 

the range of other studies, the PM2.5/CO is relatively small at Norman Wells station and large at 

Valemount and Richmond South stations. This is most likely due to the longer lifetime of CO 

compared to PM2.5, which leads to the detection of an aged CO concentration at the stations. Figure 

7.5 confirms that the relatively smaller PM2.5/CO slopes at Norman Wells station were observed, 

which indicates an aged CO is likely to be detected. For instance, the station measures almost no 

PM2.5 concentrations while CO concentrations are larger than zero.  

Table 7.4 The regression slope of PM2.5 and CO for each station and Pearson correlation 
coefficients 

Stations 
PM2.5/CO (𝝁g/m3/ppbv) 

slope R2 

BC 

Valemount 0.675 0.88 

Fort St John 85th Avenue 0.189 0.67 

Richmond South 0.950 0.99 

NWT 

Yellowknife 0.260 0.90 

Fort Smith 0.310 0.80 

Norman Wells 0.109 0.79 

 

To understand how much PM2.5 concentration increases when Canadian BB emissions are included 

in the model, we compared the percentage change of average PM2.5 concentrations from the NO-

FIRE scenario to the FIRE scenario at each station. Table 7.5 provides the average PM2.5 

concentrations during the season, p-values, and influence percentages at each station. The largest 

Canadian BB influences were observed at Yellowknife and Fort Smith stations, with percentage 

changes of 42.25% and 42.77%, respectively. Despite high BB influences, we found the average 
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PM2.5 concentration lower than 2 𝜇g/m3. Moreover, similar levels of average PM2.5 concentrations 

were reported at Fort St John 85th Avenue and Norman Wells stations, which have the lowest 

Canadian BB influences with 8.46% and 1.47% change in PM2.5 concentration, respectively. On 

the other hand, the highest average concentration was found at Richmond South station, with 5.5 

𝜇g/m3 and the Canadian BB influence of 16.82%. Overall, Canadian BB emissions led to 

increasing PM2.5 concentrations at the locations studied, with the highest impact on Northwest 

Territories’ stations. The Student’s t-test indicated that the influence is significant at each location 

(p<0.05); however, PM2.5 concentrations do not exceed the standards for an annual mean of 8.8 

𝜇g/m3 (Canadian Council of Ministers of the Environment., 2012). Although our results show 

averaged PM2.5 concentrations for the fire season (May-August 2020), the occurrence of BB events 

is likely to be less in the offseason, indicating a small contribution of BB emissions to PM2.5 levels.  

Table 7.5 Average concentration of PM2.5 with and without Canadian fire influence. Results of 
the Student's t-test was represented as "s" if p<0.05, "ns" if p>0.05 

Stations 

Average PM2.5 (𝝁g/m3) 

p<0.05 
Canadian 

Influence (%) 
NO-FIRE 

INFLUENCE 

FIRE ONLY 

INFLUENCE 

Valemount 2.00 2.24 s 11.71 

Fort St John 85th 

Avenue 
1.78 1.93 s 8.46 

Richmond South 4.44 5.19 s 16.82 

Yellowknife 0.95 1.35 s 42.25 

Fort Smith 1.09 1.55 s 42.77 

Norman Wells 1.43 1.41 s 1.47 
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To understand the driving source of high PM2.5 concentrations at Richmond South station, the 

HYSPLIT model was run in the backward mode for 72 h with 6 h periods for August, when fires 

contributed to high PM2.5 levels. Figure 7.6 demonstrates air parcels travelling from the western 

U.S. to the station in mid-August, which is possibly the source of elevated PM2.5 concentrations in 

mid-August. The trajectories and fire hotspots obtained from FIRMS were compared to assess this 

hypothesis. The backward trajectories intersect the fire hotspots located in the western U.S. 

Furthermore, we compared BlueSky Canada archived forecasts and our results to test the 

hypothesis (https://firesmoke.ca/forecasts/). BlueSky Canada is a framework that incorporates 

different datasets and models to generate fire smoke forecasts outputs (for more information, 

Larkin et al. (2009)). BlueSky forecasts indicate smoke transport from the west of Washington to 

Richmond South in mid-August. This shows that the contribution of BB emissions from the 

western U.S. might contribute to the ground-level PM2.5 concentrations more than Canadian BB 

emissions, which validates the small Canadian BB influence observed at Richmond South station. 

https://firesmoke.ca/forecasts/
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Figure 7.6 Back trajectories for Richmond South station initiated at different heights beginning 
0000 UTC August 17th and ending 2300 UTC August 19th 

4. Conclusion 

In this study, we investigated two global BB inventories on modelling PM2.5 concentrations and 

evaluated the Canadian BB influence at six air quality monitoring stations in Canada using GEOS-

Chem. The results revealed that QFED2.5 estimated 2-6 times higher BC and OC emissions in 

every month except for June, whereas GFED4 estimated ~3 times higher CO emissions in total 

during the fire season. On the other hand, total nationwide BC and OC emissions estimated by 
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both inventories are similar in magnitude during the season. The differences in emission 

estimations led to the variability in PM2.5 concentration predictions. QFED2.5 predicted slightly 

higher PM2.5 concentrations in July and August at Fort Smith and Norman Wells stations; however, 

the inventories showed similar magnitudes and temporal variability at the Yellowknife station. 

Likewise, the inventories matched at all British Columbia stations except for Richmond South 

station, where QFED2.5 predicted ~2 times higher PM2.5 concentrations in August. The model 

results also revealed that the inventories perform similarly compared to the ground-based 

measurements, with slightly better performance by QFED2.5 than GFED4. For example, QFED2.5 

demonstrates smaller MNB and MNE and a higher correlation with observations at most of the 

stations. Therefore, QFED2.5 is more suitable and representative than GFED4 for use in BB 

attributable air quality predictions at the monitoring stations studied in this research. This analysis 

of BB influence highlighted that Canadian biomass burning contributes to the increase in PM2.5 

concentration in Canada, with percent changes between BB-influenced nonBB-influenced periods 

approximately 42-43% in Northwest Territories. This study showed that QFED2.5 inventory is 

more suitable to use in representing BB emissions in the assessed regions in Canada. 

In conclusion, the results indicate that the use of different BB inventories may result in drawing 

different conclusions on air quality predictions. One inventory might be more suitable and 

representative for one region than another. More accurate and precise BB emissions are essential 

in air quality modelling to better represent the particulate matter from biomass burning and 

improve the air quality predictions in urban regions.  

We recommend that further analysis should be performed to analyze the suitability of different BB 

inventories for representing PM2.5 concentrations in different regions in Canada by incorporating 

emission uncertainties. Investigating the main source of uncertainties can help us understand the 
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ability of the inventories on predicting air quality. Moreover, additional studies on different areas 

in Canada can provide insight into determining why and which inventory is more optimal and 

suitable to use to study air quality impacts of BB emissions for specific regions. Further analysis 

with higher resolution could give more information about the spatial distribution of PM2.5.  
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Appendix A 

This appendix contains additional figures referenced in the results. Firstly, the fractions of BB to 

all source’s plots are presented, followed by HYSPLIT outputs, FIRMS maps, and BlueSky 

Forecasts.  

A1. Fraction of BB to all sources 

The plots below depict the fraction of modelled PM2.5 and CO concentrations estimated with BB-

ONLY emissions. Thus, the y-axis represents the ratio of concentrations predicted with only BB 

emissions to the concentrations predicted with all sources of emissions, while the x-axis shows the 

days in the months from May to August. Note that the plots are only for five stations referenced in 

the results: Fort St John 85th Avenue, Richmond South, Yellowknife, Fort Smith, and Norman 

Wells.  

 

Figure A1. 1 Fraction of BB to all sources for modelled PM2.5 concentrations at Fort St John 
85th Avenue station 
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Figure A1. 2 Fraction of BB to all sources for modelled CO concentrations at Fort St John 85th 
Avenue station 

 

Figure A1. 3 Fraction of BB to all sources for modelled PM2.5 concentrations at Richmond South 
station 
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Figure A1. 4 Fraction of BB to all sources for modelled CO concentrations at Richmond South 
station 

 

 

Figure A1. 5 Fraction of BB to all sources for modelled PM2.5 concentrations at Yellowknife 
station 
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Figure A1. 6 Fraction of BB to all sources for modelled CO concentrations at Yellowknife 
station 

 

Figure A1. 7 Fraction of BB to all sources for modelled PM2.5 concentrations at Fort Smith 
station 
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Figure A1. 8 Fraction of BB to all sources for modelled CO concentrations at Fort Smith station 

 

Figure A1. 9 Fraction of BB to all sources for modelled PM2.5 concentrations at Norman Wells 
station 



 151 

 

Figure A1. 10 Fraction of BB to all sources for modelled CO concentrations at Norman Wells 
station 

A2. HYSPLIT model 

This section describes the back trajectory analysis that was performed with NOAAs' Hybrid 

Single-Particle Lagrangian Integrated Trajectory (HYSPLIT) model for Richmond South, 

Yellowknife, and Fort Smith stations. The back trajectories were run for 72 h with 6 h periods 

originating from the location of air quality monitoring stations studied in this thesis. The hours of 

analysis were selected to comply with the Canadian guidance document on transboundary flow 

(Canadian Council of Ministers of the Environment, 2019b). GDAS' meteorological data (e.g., 

wind and pressure fields) was used to compute the advection of tracers. This data is available to 

up to the present at a horizontal resolution of 1 degree. 
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Figure A2. 1 Back trajectories for Richmond South station initiated at different heights 
beginning on 0000 UTC August 17th and ending 2300 UTC August 19th 
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Figure A2. 2 Back trajectories for Richmond South station initiated at different heights 
beginning on 0000 UTC August 15th and ending on 0000 UTC August 17th 

 

A3. Fire hotspot location  

Fire locations were obtained from the Fire Information for Resource Management System 

(FIRMS) to determine the fire hotspots during the periods of this study. FIRMS uses NASA 

MODIS products to detect actives fires and locate the hot spots. The satellite products detect 
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elevated infrared radiation emitted from fires, represented as red points with a spatial resolution of 

1 km. The image below represents the fire hotspots detected by FIRMS in the vicinity of Richmond 

South from August 1 to August 31, 2020. Note that many of the fires detected by FIRMS occur in 

the northwestern United States and are therefore masked in the analysis of this thesis, which 

focused on Canadian wildfire emissions. 

 

Figure A3. 1 Fire hotspots recorded in FIRMS in August and the location of Richmond South 
station 

 
A4. BlueSky Forecasts 

BlueSky Canada Smoke Forecasting System produces hourly ground-level PM2.5 concentrations 

from wildfires, then publishes publicly available smoke forecasts for Canadian wildland fire 

season (April-September). Chapter 4.3 mentions BlueSky Canada, which was used to compare our 

results. The archived dataset of BlueSky forecasts was accessed from FireSmoke Canada 

(https://firesmoke.ca/forecasts/). 

 

https://firesmoke.ca/forecasts/


 155 

 
Figure A4. 1 Smoke forecast image for July 5, 2020 

 
For more information on smoke forecast images, please refer to the links below. 

The BlueSky forecasts referred to for the Richmond South analysis can be found here: 

https://firesmoke.ca/forecasts/BSC00CA04-old/2020081509/ 

The BlueSky forecasts referred to for the Fort St John 85th Avenue analysis can be found here: 

https://firesmoke.ca/forecasts/BSC00CA04-old/2020070409/  

The BlueSky forecasts referred to for the Fort Smith analysis can be found here:  

https://firesmoke.ca/forecasts/BSC00CA04-old/2020071209/ 

The BlueSky forecasts referred to for the Yellowknife analysis can be found here:  

https://firesmoke.ca/forecasts/BSC00CA04-old/2020071509/  

https://firesmoke.ca/forecasts/BSC00CA04-old/2020081509/
https://firesmoke.ca/forecasts/BSC00CA04-old/2020070409/
https://firesmoke.ca/forecasts/BSC00CA04-old/2020071209/
https://firesmoke.ca/forecasts/BSC00CA04-old/2020071509/
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