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AT M O S P H E R I C  S C I E N C E

Disproportionately large impacts of wildland-urban 
interface fire emissions on global air quality and 
human health
Wenfu Tang1*, Louisa K. Emmons1, Christine Wiedinmyer2, Debatosh B. Partha3†, Yaoxian Huang3, 
Cenlin He4, Junzhe Zhang5, Kelley C. Barsanti1,6, Benjamin Gaubert1, Duseong S. Jo7, Jun Zhang1, 
Rebecca Buchholz1, Simone Tilmes1, Francis Vitt1, Claire Granier2,8,9,  
Helen M. Worden1, Pieternel F. Levelt1,10,11

Fires in the wildland-urban interface (WUI) are a global issue with growing importance. However, the impact of WUI 
fires on air quality and health is less understood compared to that of fires in wildland. We analyze WUI fire impacts 
on air quality and health at the global scale using a multi-scale atmospheric chemistry model—the Multi-Scale In-
frastructure for Chemistry and Aerosols model (MUSICA). WUI fires have notable impacts on key air pollutants [e.g., 
carbon monoxide (CO), nitrogen dioxide (NO2), fine particulate matter (PM2.5), and ozone (O3)]. The health impact 
of WUI fire emission is disproportionately large compared to wildland fires primarily because WUI fires are closer to 
human settlement. Globally, the fraction of WUI fire–caused annual premature deaths (APDs) to all fire–caused 
APDs is about three times of the fraction of WUI fire emissions to all fire emissions. The developed model frame-
work can be applied to address critical needs in understanding and mitigating WUI fires and their impacts.

INTRODUCTION
The wildland-urban interface (WUI) is the geographic area where 
wildland vegetation and land developed by human activity come 
into contact or intermingle (1). Recent studies have found that WUI 
areas have been expanding in all populated continents, reaching 
~5% of global land area in 2020 excluding Antarctica, and are likely 
to continue increasing in the future (2–4). The fractions of fire 
counts and burned area within WUI have increased globally by 23% 
and 35%, respectively, from 2005 to 2020 mainly due to the WUI 
area expansion (3). Recent examples of global destructive WUI fires 
include the 2017 Knysna fires in South Africa (5), the 2018 Camp 
Fire in California, USA (6), the 2019/2020 Black Summer Fires in 
Australia (7), the 2021 Marshall Fire in Colorado, USA (8), the 2022 
North Gyeongbuk Province fire in South Korea (9), and the 2023 
Maui Fire in Hawaii, USA.

Fires in WUI differ from fires outside of WUI (hereafter wildland 
fires) in several aspects. Fires in WUI areas are by definition overlap-
ping with human development and activities, and therefore are likely 
to have different ignition patterns, behavior, management strategies, 
and socioeconomic and health impacts compared to wildland fires 

(10, 11). In addition, because WUI fires are more likely to involve the 
burning of structures, vehicles, and their contents (12–15), fuels 
burned and thus emissions from WUI fires are also different from 
wildland fires.

Progress has been made in understanding WUI fire risk [e.g., 
(16–18)], WUI fire behavior [e.g., (8, 19)], WUI fire management 
[e.g., (20, 21)], WUI fire damage [e.g., (22)], changes in WUI areas 
and WUI fires [e.g., (23–25)], and relevant practices and mitigation 
and management policies [e.g., (26, 27)]. These advances have been 
made mostly in limited countries and regions [e.g., (1, 19, 28–32)], 
leaving the connections between WUI fire risk, behavior, manage-
ment, and mitigation on climate completely unaddressed in a glob-
al context. As for the impacts of WUI fires on air quality and human 
health, our current state of the knowledge is even more limited, 
especially compared to wildland fires (12–15), leaving a substantial 
knowledge gap at the global scale.

Here, we use the Multi-Scale Infrastructure for Chemistry and 
Aerosols (MUSICA) model with carbon monoxide (CO) chemical 
tracers that track emission sources and a recently developed global 
WUI fire dataset to quantify global impacts of WUI fire emissions 
on air quality and human health. MUSICA is a state-of-the-art 
community-coupled climate-chemistry model for simulations of 
large-scale atmospheric phenomena in a global modeling frame-
work while still resolving chemistry at emission- and exposure-
relevant scales (33, 34). Here, we analyze the global impacts of WUI 
fires on air quality and human exposure over a 1-year period and 
compare them to impacts of wildland fires, with some additional 
foci on air pollutants and burn characteristics for the continental 
United States (CONUS). We show the spatial and temporal features 
of global WUI fires, followed by other characteristics of WUI fires 
such as ignition and burning characteristics and chemical charac-
teristics of WUI fire–emitted pollutants. Last, we show the air quality 
and health impact of WUI fires relative to wildland fires. Note 
that in this study WUI fires refers to fires located in the WUI area 
regardless of the involvement of structure or vehicle burning. We 
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conduct a control simulation for the year 2020 that includes both 
WUI and wildland fires (hereinafter S1–All fires) with respective CO 
tracers for wildland and WUI fire emissions. We also conduct three 
additional sensitivity simulations with only WUI fires (hereinafter 
S2–WUI-fires-only), only wildland fires (hereinafter S3–Wildland-
fires-only), and without fires (hereinafter S4–No-fires). The difference 
between S1–All-fires and S4–No-fires quantifies total fire impacts. 
The difference between S1–All-fires and S2–WUI-fires-only reveals 
wildland fire impacts, while the difference between S1–All-fires and 
S3–Wildland-fires-only indicates WUI fire impacts.

RESULTS
Unique spatial and temporal features of global WUI fire 
emissions and tracers
While there are some expected similarities in the spatial distribution 
of WUI fire and wildland fire emissions associated with the occur-
rence and spread of fires (climate, weather, and fuel conditions), 
there are some unique features that emerge from our analysis. The 
difference in spatial distributions of WUI and wildland fire emissions 
is mainly driven by the distribution of WUI areas and human activi-
ties. For example, in the Amazon, the wildland fire emissions are 
relatively high due to deforestation activities (35), while the WUI fire 
emissions are negligible due to the limited WUI area in the region. In 
contrast, over Europe, the WUI fire emissions are relatively high due 
to the large WUI area (Fig. 1C), while wildland fire emissions are 
much lower compared to global hotspot regions. Over the CONUS, 
both WUI and wildland fire emissions over the west coast are high. 
Emissions over some WUI and wildland fire hotspots in California 
and Oregon are co-located due to large fires that cover both WUI and 
wildland regions. Over the southeast, WUI fire emissions are as high 

as those in the west coast due to large WUI area coverage (Fig. 1F), 
while wildland fire emissions are much smaller than those in the west 
coast due to less frequent and smaller fires.

In most regions, WUI and wildfire emissions exhibit seasonal sig-
nals with similar timing but differing amplitudes (Fig. 2). Over Asia, 
the WUI and wildland fire signals have a peak in April, while the 
wildland fire signal has an additional peak in September that is driven 
by wildland fires in Siberia (fig. S5). Over North America, the WUI 
fire signal shows a larger peak in April and a smaller peak in Novem-
ber, while the wildland fire signal has a larger peak in September and 
a smaller peak in May [consistent with a previous study, (36)]. The 
November peak of the WUI fire signal is consistent with (22), which 
indicates that fires with different ignitions (human-related versus 
lightning) in the western United States have different seasonality. The 
seasonality over the CONUS also shows large subregional variations 
(fig. S6). Over the western United States, both WUI and wildland fire 
signals are higher in September than in other months. Over the cen-
tral and eastern United States, the peaks around March to April and 
November are comparable for WUI and wildland fire signals. Over 
the United States, some of the WUI fires could be prescribed fires 
that might contribute to the different seasonality between WUI and 
wildland fires since many prescribed fires happen in the fall, winter, 
and spring months, depending on the region.

Ignition and burning characteristics of WUI fire
Here, we showed that WUI fires and wildland fires have different ig-
nition types and structure destruction/damage conditions over the 
CONUS by comparing the modeled fire tracers with the ICS-209-
PLUS data product (37). Consistent with previous studies looking at 
ignition characteristics of WUI fires, here we found that the WUI fire 
signal to wildland fire signal ratio is relatively high for human-ignited 

Fig. 1. Spatial distribution of WUI fire and wildland fire emissions. Global annual carbon dioxide (CO2) emissions from (A) wildland-urban interface (WUI) fires and 
(B) wildland fires and (C) WUI area fraction from the Worldwide Unified Wildland-Urban Interface (WUWUI) dataset for 2020. Fire emissions are from the Fire INventory 
from NCAR version 2.5 (FINNv2.5) (53). Emissions from FINNv2.5 are separated to WUI and wildland fires by location (see Materials and Methods). (D to F) Same as (A) to 
(C) but zoomed in over the continental United States. Note that WUI and wildland fire emission maps have different color scales.
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fires compared to lightning-ignited fires. MUSICAv0 results show 
that for the human-ignited fires, WUI fire signal mean is 0.08 and the 
median is 0.05, whereas for lightning-ignited fires, the ratio of WUI 
fire signal mean is 0.04 and the median is 0.03, indicating that WUI 
fires are more often caused by human ignition than wildland fires in 
the CONUS. This is consistent with the previous study (22) that con-
cluded that human-ignited wildfires tend to occur close to struc-
tures. For structure destruction/damage conditions, the mean WUI 
fire signal is 0.12 for fires with structure destruction/damage and 
0.06 for fires without structure destruction/damage. The mean value 
for fires with structure destruction/damage is outside the 25% to 
75% quantile range of the WUI fire signal to wildland fire signal ra-
tio, indicating that the mean value is dominated by some extremely 
large WUI fire signal values. For the median, however, the WUI fire 
signal for fires with and without structure destruction/damage is 
close (0.045 versus 0.04). Overall, the ignition type is a more obvious 
characteristic of WUI fire emissions in the CONUS compared to the 
involvement of structure destruction/damage (Fig. 3). The reason is 
that although structure burning is a major concern for WUI fires, 
WUI fires do not always involve structure burning. It is possible that 
in a WUI fire only the vegetation burns. Determining whether struc-
ture burning is involved and the amount of structure fuel that is 
burned is a great challenge in quantifying WUI fire emissions at large 
scale (15). In addition, emission factors of structure burning may 

vary substantially due to building style and materials. Even so, this 
needs to be addressed in future studies to understand emissions of 
toxics from WUI fires and their health impacts.

Here, we only compared ignition and structure burning involve-
ment for the CONUS due to the availability of ignition and burning 
data. However, WUI fires in different countries and continents may 
mean different things. In North America, structure burning and prop-
erty loss are one of the major concerns for WUI fires. However, in 
Africa, WUI fires might involve open burning of domestic waste (38). 
We do not have such information at the global scale, and it remains a 
research question to be addressed to further understand WUI fires 
and their impacts.

Chemical characteristics of WUI fire–emitted pollutants
The model performance of simulating surface fine particulate matter 
(PM2.5) and ozone (O3) evaluated against U.S. Environmental Pro-
tection Agency (EPA) Air Quality System (AQS) data (Fig. 4) is 
notably affected when the emissions from WUI fires become more 
dominant relative to wildland fires. For PM2.5, the model perfor-
mance overall degrades when the ratio of WUI fire signal to wildland 
fire signal increases, as indicated by the increasing absolute mean 
bias and decreasing correlation. For O3, the trend is not as clear as 
that of PM2.5 likely due to the complex O3 chemistry. However, in the 
regime with the WUI fire signal less than 0.75, which represents 

Fig. 2. Seasonality of wildland and WUI fires. Continent-averaged seasonality of wildland fires (blue lines) and WUI fires (red lines) in 2020 over (A) Africa, (B) Asia, 
(C) Europe, (D) Oceania, (E) North America, (F) South America, and (G) average of the six continents. Shown in the figure are the carbon monoxide (CO) tracers of wildland 
fires and WUI fires (ppb) at the surface from the Multi-Scale Infrastructure for Chemistry and Aerosols model version 0 (MUSICAv0) simulation S1–All-fires.
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most of the observed conditions, the model O3 absolute mean bias 
increases and correlation decreases with the increasing ratio.

The comparison of model results with measurements as a function 
of WUI fire influence highlights the importance of and need for fur-
ther measurement and modeling studies of WUI fires. The degradation 
of model performance over the CONUS when WUI fires’ influence 
becomes larger can be due to several reasons. First, the locations of 
WUI fire affected sites can have an impact on model performance. For 
example, WUI fires are closer to WUI and urban regions where the 
environment is more complex and challenging for the model to cap-
ture (fig. S7). These factors are independent of WUI fires, including the 
model challenges in capturing complex anthropogenic emissions in 
such environments and their local transport. Second, it could also be 
due to the uncertainties in WUI fire emissions (see also Materials and 
Methods). Emissions from WUI fires are not as well quantified as wild-
land fires due to the uncertainty in the combustion and emissions from 
structure burning in current emission inventories. Currently, none of 
the fire emission inventories explicitly account for structure (or vehicle 
or other urban fuel) burning. In addition, a potential overestimation of 
biomass fuel loading and consumption in the WUI fires could also 
contribute to the model bias. The degradation of model performance 
in this study points to an urgent need to develop a fire emission inven-
tory and update approaches for estimating fuel loading and consump-
tion in the WUI that includes emissions from the burning of structures 
and fuels other than vegetation. Several studies have measured emis-
sions from very limited structure and vehicle fires over only a few loca-
tions [e.g., (39–42)]. More measurements are needed to better quantify 
the emission factors and fuel loads of structure burning in WUI fires to 
improve fire emission inventories.

Fig. 3. Differences in ignition type and structure destruction/damage between 
WUI and wildland fires. Boxplot (with medians represented by red bars, interquar-
tile ranges between 25th and 75th percentiles represented by blue boxes, mean 
represented by orange dots, and the most extreme data points not considered out-
liers represented by whiskers) of the ratio of WUI/wildland fire under different igni-
tion types and different structure destruction/damage conditions. Fires from the 
ICS-209-PLUS data product (37) in 2020 are included. The ratio of WUI/wildland fire is 
represented by the ratio of WUI fire signal to wildland fire signal from the MUSICAv0 
simulation S1–All-fires. Surface values of CO tracer from the MUSICAv0 simulation 
are interpolated to the location and date of fires for analyses.

Fig. 4. Model performance under different WUI fire impacts. Model performance (simulation S1–All-fires) evaluated against U.S. Environmental Protection Agency 
(EPA) Air Quality System (AQS) data under different WUI fire impacts. (A) Absolute mean bias of modeled fine particulate matter (PM2.5) against EPA AQS PM2.5 observa-
tions. (B) Correlation between modeled PM2.5 and EPA AQS PM2.5 observations. (C and D) Same as (A) and (B) but for ozone (O3). Only sites and days that are significantly 
affected by fires (i.e., MUSICA simulations S1–All-fires and S4–No-fires are significantly different for the site and the day; P value less than 0.1) are included. Numbers 
labeled in the figure are total data points in the category. WUI/wild is the ratio of WUI fire signal to wildland fire signal.
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Impacts of WUI fires on global air quality
WUI fires have notable impacts on annually averaged surface con-
centrations of key air pollutants such as CO, nitrogen dioxide (NO2), 
PM2.5, and O3 (Fig. 5), with uneven spatial distribution globally. The 
distribution of WUI area (Fig. 1) is not the only driving factor of the 
distribution of WUI fire impacts, with a spatial correlation of 0.1 to 
0.2 between the WUI area fraction and the surface concentrations of 
these four pollutants. The WUI fires are affected by climate, weather, 
and fuel conditions, similar to wildland fires, but are more strongly 
affected by human activities (11, 43, 44). In addition, since WUI fires 
by definition are adjacent to urban areas, they will generally affect 
large and varying populated areas. Over central Africa and Southeast 
Asia, WUI fire impacts are relatively large, especially for CO and 
PM2.5. The WUI fire impacts on surface NO2 and PM2.5 appears more 
localized over source regions than CO and O3 that show global changes. 
For CO, this is mainly due to its longer lifetime (1 to 2 months), 
while the long-range transport of O3 precursors and the change of 
atmospheric oxidation conditions by WUI fire emissions contribute 
to the wider spatial impact of O3 from WUI fires. Over the CONUS, 
WUI fire impacts mainly concentrate on southeast United States, 
where the WUI area is large, and the west coast of United States, 
where large fires are more frequent. Moreover, during certain short 
periods, WUI fire impacts can be an order of magnitude larger than 
the aforementioned annual mean values (figs. S1 to S4).

Disproportionately large health impacts of WUI fires
The fractional contributions of WUI fire emissions to all fire emis-
sions are 3.4% for Africa, 3.4% for Asia, 11.4% for Europe, 3.3% for 
Oceania, 6.0% for North America, 1.3% for South America, and 
3.1% for the average of the six populated continents (Fig. 6). How-
ever, the fractional contributions of WUI fire emissions to annual 
premature deaths (APDs) are 5.5% for Africa, 9.4% for Asia, 13.7% 
for Europe, 8.9% for Oceania, 9.3% for North America, 5.0% for 
South America, and 8.8% for the average of the six populated conti-
nents (Fig. 6A). At the global scale, the fraction of WUI fire emis-
sion–induced APD is about three times of the fraction of WUI fire 
emissions. This disproportionately large health impact of WUI fires 

relative to emissions is because WUI fires are closer to human settle-
ment. Emissions from WUI fires can have a larger impact on PM2.5 
and O3 over the populated regions compared to equal wildland fire 
emission amounts located far away from the populated region. More 
details can be found in figs. S8 to S10.

WUI fires tend to have a larger contribution to APD in WUI and 
urban areas compared to other regions. Since urban and WUI areas 
are projected to continue to increase in the future, this further 
motivates to advance the understanding and quantification of WUI 
fires and impacts. Here, we only quantified health impacts of WUI 
fires related to O3 and PM2.5. The health impact of WUI fires is 
expected to be even more important as we expect that structure 
burning can emit more toxic air pollutants (15).

DISCUSSION
Fires in WUI are becoming increasingly important globally. How-
ever, their impact on air quality and health is not well understood at 
continental and global scales. Here, we used the MUSICA model 
(MUSICAv0) and a recently developed global WUI fire dataset to 
quantify the global impact of WUI fires versus wildland fires in 2020. 
This study is subject to uncertainties (see Materials and Methods). A 
global emission inventory for structure burning is in urgent need, 
albeit very challenging to better refine the air quality and health im-
pacts of WUI fires. More regional studies with higher model resolu-
tion should also follow to further quantify regional impacts. More 
follow-up studies are also needed to understand the future change of 
WUI fires and their impacts. Nevertheless, this study provides a 
global assessment of WUI fire impacts on air quality and human 
health, an area that has been previously unexamined. 

Overall, the spatial distributions of WUI fire and wildland fire 
emissions are similar as they are driven by the same climate, weath-
er, and fuel conditions that favor fire occurrence and spread. Differ-
ences in their spatial distributions are due to influences of human 
activities and WUI area distribution. In most regions, WUI fire and 
wildland fire emissions exhibit seasonal signals with similar timing 
but differing amplitudes. Over the United States, some of the WUI 

Fig. 5. WUI fire impacts on key pollutants at the surface. Annual average of global (A) CO, (B) nitrogen dioxide (NO2), (C) PM2.5, and (D) O3 at the surface due to WUI 
fires in 2020. The amounts due to WUI fires are from the difference of S1–All-fires minus S3–Wildland-fires-only. (E to H) Same as (A) to (D) but zoomed in to the contermi-
nous United States.
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fires could be prescribed fires that might contribute to the different 
seasonality. It is important to understand the air quality and health 
impacts of prescribed burning as it is a commonly used approach to 
manage fire risk including that in the WUI. Globally, WUI fire emis-
sions have a large peak in April and a smaller peak in September, 
whereas wildland fire emissions have a large peak in September and 
a small peak in April. Over the CONUS, WUI and wildland fires are 
characterized by different ignition types and different fuel types, as 
some fires in the WUI include nonvegetative fuels (e.g., structures). 
Differences in fuel types are not considered in this analysis. Model 
performance in simulating surface air quality degrades when the 
WUI fire impact becomes dominant over the wildland fire impact, 
pointing to the necessity of improving fire emission inventories by 
accounting for structural burning and adjustment of fuel wildland 
loading and consumption in WUI fires, which is particularly im-
portant for estimating impacts of toxics. This is beyond the scope of 
this study and will be addressed in future studies.

Although WUI fire emissions are small relative to total fire emis-
sions, the health impacts of WUI fire emissions are disproportion-
ately large due to the proximity to human settlement. Here, we looked 
at PM2.5- and O3-related health impacts. At the global scale, the 
fraction of WUI fire–induced APDs to all fire–induced APD is about 
three times the fraction of WUI fire emissions to all fire emissions. 
Over WUI and urban regions, WUI fires tend to have a larger contri-
bution to APD compared to other areas.

This study provides a global assessment of the impacts of WUI 
and wildland fires on air quality and human health for 2020. In the 
future, both the WUI area and the fire activities occurring within 
WUI are dynamically changing. WUI fires will likely become more 

important in the future and may have even a larger impact on air 
quality and health (45).

MATERIALS AND METHODS
MUSICAv0 simulations
MUSICAv0 is a variable resolution global model. It is a configuration 
of the Community Atmospheric Model with chemistry (CAM-chem) 
(46, 47) that uses a hydrostatic spectral element (SE) dynamical core 
with an unstructured grid mesh that allows regional refinements (RRs) 
down to a few kilometers (48, 49). The MUSICAv0 model source 
code, output files, tutorials, and more information are available at 
https://www2.acom.ucar.edu/sections/musica-v0.

In our MUSICAv0 simulations, we use the default MOZART-TS1 
chemical mechanism, which includes comprehensive tropospheric 
and stratospheric chemistry with 220 chemical species and 528 reac-
tions (47). The aerosol scheme used in MUSICAv0 is the four-mode 
version of the Modal Aerosol Module [MAM4; (50)]. Here, we use a 
standard configuration of MUSICAv0 that refines to the resolution of 
~14 km × 14 km over the conterminous United States, while the 
resolution outside the refined region is ~111 km × 111 km (i.e., ~1° 
latitude × 1° longitude) (Fig. 7). Vertically, the configuration has 
32 layers.

The simulations in this study are nudged to the Goddard Earth 
Observing System (GEOS) Model meteorological fields. Specifically, 
only wind and temperature are nudged with a relaxation time of 
6 hours, while dynamic, physical, and radiation processes are calculated 
by CAM (humidity, clouds, precipitation, convection, etc.). We use the 
Copernicus Atmosphere Monitoring Service Global Anthropogenic 

Fig. 6. Disproportionately large impacts of WUI fire emissions on human health. (A) Fraction of WUI fire carbon dioxide (CO2) emissions to all fire CO2 emissions (blue) 
and fraction of annual premature deaths (APDs) due to WUI fires to APD due to all fires (pink). (B) Fraction of APD due to WUI fires to APD due to all wildfires over WUI 
(blue), urban (green), and other land type (yellow). Fire CO2 emissions are from FINNv2.5. WUI data used for calculation are from the WUWUI dataset (45). Urban data used 
for calculation are from the MODIS Land Cover Type Yearly data (MCD12Q1 v6.1). Here, APD includes PM2.5 APD due to LRIs and four NCDs (COPD, IHD, stroke, and lung 
cancer), and O3 APDs due to COPD.
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emissions (CAMS-GLOB-ANTH) version 5.1 (51) for anthropogenic 
emissions and biogenic emissions are calculated online with the 
Model of Emissions of Gases and Aerosols from Nature version 2.1 
[MEGANv2.1; (47, 52)]. For fire emissions, we use the Fire INventory 
from NCAR version 2.5 [FINNv2.5; (53)]. Plume rise climatology is 
applied following (54). FINNv2.5 is described below.

Here, we conduct four MUSICAv0 simulations, namely, S1–
All-fires, S2–WUI-fires-only, S3–Wildland-fires-only, and S4–No-
fires. In the S1–All-fires simulation, we include CO tracers for WUI 
fire and wildland fire separately for source attribution. A detailed 
description of CO tracers can be found in (55).

Fire emissions
FINNv2.5 is used as input to the MUSICAv0 simulations. The Fire 
Inventory from NCAR (FINN) provides daily global estimates of 
pollutant emissions from open fires with a high spatial and tempo-
ral resolution for use in air quality, atmospheric composition, and 
climate modeling applications (53). FINNv2.5 uses active fire detec-
tions from both the Moderate Resolution Imaging Spectroradiom-
eter (MODIS) at 1-km resolution and the Visible Infrared Imaging 
Radiometer Suite (VIIRS) at 375-m spatial resolution for the calcu-
lation of fire emissions. FINN calculates daily emissions separately 
for individual fires and thus makes it possible to separate emissions 
from WUI and wildland fires.

Fire emissions from FINNv2.5 are separated to WUI fires and 
wildland fires based on the locations of the individual fires. To do so, 
we use a global WUI map for 2020 (56), which provides global WUI 
map at 10 m. However, since the resolution of FINN is 375 m and 
1 km, we regrid the global WUI map to 1 km. The original data are 
categorical data (WUI and non-WUI). By regridding the WUI map to 
a coarser resolution, we calculate the WUI fraction for each 1 km × 
1 km grid from the categorical data. For each fire from FINNv2.5, there 
is an associated WUI fraction. The emissions of WUI fires are calcu-
lated by the WUI fraction of the grid that the fire is located in. For 
example, if the WUI fraction of a grid is 0, then the emissions of the 
fire are considered wildland fire emissions; if the WUI fraction of a 
grid is 20%, then 20% of the fire emissions are considered WUI fire 
emissions, while 80% of the fire emissions are considered wildland 
fire emissions. This method could introduce uncertainties. However, 
based on our previous study, this uncertainty is relatively small (3).

Note that WUI fires and wildland fires might have different emis-
sions due to the involvement of structure burning. However, emis-
sion factors are not the only difference of WUI fires and wildland 
fires. WUI fires are in general closer to urban area and people, and 
transport can take less time than wildland fires to reach and influence 

air quality and exposure. Therefore, although the fraction of WUI 
fires to wildland fires is relatively small, the WUI fire impacts on air 
quality and health may be large or even substantial. Although struc-
ture burning is a major concern for WUI fires, WUI fires do not 
always involve structure burning. The information on whether struc-
ture burning is involved in WUI fires and the emission factors of 
structural burning is currently lacking. Here, we mainly focus on dif-
ferent impacts caused by spatiotemporal distribution of WUI fires 
and subsequent transport of air pollutants, and do not account for 
differences in emission factors between structural burning and wild-
land vegetation burning. Previous studies (13, 15) suggested that spe-
cies like CO2, CO, and PM (including PM2.5 and inhalable PM—PM10) 
that are produced from all combustion systems are emitted at similar 
levels from all fuel categories. Therefore, it is reasonable to use the 
method here. However, emissions of Volatile Organic Compounds 
(VOCs) and toxics (e.g., polycyclic aromatic hydrocarbons and fu-
rans) can be different in magnitude when structure burning is in-
volved. These species are not considered in this study.

Model evaluation
The MUSICAv0 configuration used in this study has been exten-
sively evaluated and validated previously with observations (34, 49, 
54, 57, 58). Here, we further evaluate the model with satellite prod-
ucts including the aerosol optical depth (AOD) from MODIS (fig. 
S11) and CO column retrieval from the Measurements of Pollution 
in the Troposphere (MOPITT) (fig. S12). The model is also evalu-
ated with TCCON ground-based column CO remote sensing data 
globally (fig. S13). Specifically over the CONUS, MUSICAv0 surface 
PM2.5 and O3 are evaluated with the U.S. EPA AQS ground sites 
(figs. S14 to S15). Although we conducted four MUSICAv0 simula-
tions, here we only evaluate S1–All fires because only S1–All fires is 
the real-world scenario and can be comparable to observations. 
Overall, the comparisons show that the model agrees reasonably 
with observations (see Supplementary Text for detailed descriptions 
of the evaluation results).

Health impact and exposure calculation
We calculate the annual total premature deaths (APDs) attributable 
to PM2.5 and O3 exposure following the methodologies used in the 
recent health studies (59, 60).

For PM2.5, we calculate APDs due to lower respiratory infections 
(LRIs) and four noncommunicable diseases (NCDs), namely, chron-
ic obstructive pulmonary disease (COPD), ischemic heart disease 
(IHD), stroke, and lung cancer. To quantify the PM2.5-induced APDs, 
we use the Global Exposure Mortality Model (GEMM) developed by 

Fig. 7. Model grid used in this study. Model grid of the MUSICAv0 with regional refinement over the conterminous United States. (A) Global map. (B) Zoomed in over 
North America.
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(61), which estimates the hazard ratio (HR) for nonaccidental deaths 
due to NCDs and LRIs attributable to long-term ambient PM2.5 ex-
posure from different sources. In the GEMM model, HR in each lon-
gitude (i) and latitude (j) for specific health outcomes (h) and 5-year 
age interval age groups (a) starting from 25 to 80-year plus (HRi,j,h,a) 
is calculated as a function of annual mean ambient surface PM2.5 
concentrations (Ci,j), as shown in Eq. 1.

where Ci,j is the model-simulated annual mean surface PM2.5 con-
centrations, which are retrieved from four different cases of MUSI-
CAv0 model simulations; C0 is a counterfactual PM2.5 concentration 
as 2.4 μg∕m3, under which there is no risk of premature deaths due 
to NCDs associated with long-term PM2.5 exposure; θ, α, μ, and ν 
are GEMM model fit parameters, which are retrieved from 41 glob-
al cohorts in 16 different studies incorporated in (61). We used the 
standard errors (SEs) of the GEMM model fit parameter θ to esti-
mate the uncertainty and 95% confidence interval (CI) of APDs at-
tributable to PM2.5 exposure.

For O3, we quantify the APDs attributable to COPD. We calculate 
the HR associated with O3-induced COPD (62). As shown in Eq. 2, 
HR in each latitude and longitude grid box (HRi,j) is calculated as

where η is the log-linear between O3 concentrations and HR associ-
ated with O3-induced COPD; Yi,j is the annual mean daily maxi-
mum 8-hour (MDA8h) O3 concentration. Turner et al. (62) reported 
that the HR associated with COPD increases by 14% (95% CI, 8 to 
21%) per 10 parts per billion by volume (ppbv) increase in MDA8h 
O3 concentration, which indicates an odds ratio (OR) of 1.14 (95% 
CI, 1.08 to 1.21), resulting in a mean value of η as 0.0131 (95% CI, 
0.0077 to 0.0191). We incorporate the upper and lower η values to 
estimate the 95% CI of APDs attributable to O3 exposure. Addition-
ally, we consider a threshold value for MDA8h O3 concentration as 
26.7 ppbv, under which we assume that there will be no premature 
mortality due to O3-induced COPD.

The global APD estimates are calculated as a function of the grid-
ded population count (POP), the baseline mortality rate (BMR), and 
the HR for each health outcome associated with different levels of 
PM2.5 and O3 exposure. The mathematical equation for quantifying 
APDs (APDi,j,h,a) attributable to PM2.5 and O3 exposure in each grid 
box (i, j), health outcomes (h), and age group (a) is derived as

where POPi,j,h,a is the global gridded age-and-health-outcome–specific 
population, which is derived as the product of the total population 
count in each latitude and longitude and the age-and-health- 
outcome–specific population fraction. We use the population data 
for 2020 from the Gridded Population of the World version 4.11 
(GPWv4.11; 63) at the horizontal grid resolution of 2.5 min × 2.5 min, 
which is regridded to 0.1° latitude by 0.1° longitude. BMRi,j,h,a is the 
2020 BMR for each model grid cell (i, j), health endpoint (h), and 
5-year age interval (a), which is from the latest 2021 Global Burden 

of Disease dataset (64). For computational efficiency, we follow our 
previous methods (59, 60, 65) to divide the globe into 11 regions. We 
calculate the mean BMR from the Global Burden of Disease (GBD) 
2021 datasets for each health endpoint and each 5-year age interval. 
Within each defined region, we assume the same BMR for each health 
endpoint and each 5-year age interval in each grid cell. All data, in-
cluding model-simulated PM2.5 and O3 concentrations, are gridded 
to 0.1° latitude ×0.1° longitude resolution for the calculation. The 
global annual total APDs attributable to PM2.5 and O3 exposure are 
the sum of each global annual total health endpoint and 5-year age 
intervals. We calculate APDs attributable to PM2.5 and O3 exposure 
for each set of MUSICAv0 model simulations. For example, the differ-
ences between S1–All-fires and S2–WUI-fires-only reveal the net im-
pacts of wildland fires, while the differences between S1–All-fires and 
S3–Wildland-fires-only lead to the net impacts of WUI fires.

Other data used in this study
EPA AQS
U.S. EPA AQS surface measurements of hourly O3 and PM2.5 for 2020 
are used in this study (https://aqs.epa.gov/aqsweb/airdata/down-
load_files.html). The measurements are hourly; however, we only use 
three-hourly measurements to compare with MUSICAv0 model out-
put. Three-hourly model output from S1–All fires (control) under 
different fire-impact conditions is interpolated to EPA AQS sites for 
comparisons. A distribution of EPA AQS sites for O3 and PM2.5 in 
2020 can be found in fig. S7.
ICS-209-PLUS data product
ICS-209-PLUS is a dataset mined from the public archive (1999–
2020) of the U.S. National Incident Management System Incident 
Status Summary (ICS-209) forms that include 34,478 wildland fires 
(37). The data are available at https://zenodo.org/records/7036299. 
A wildfire is generally considered large enough to require an ICS-
209 report when it exceeds 100 acres in timber or 300 acres in grass 
or brush. These fires account for only a small portion of fire counts; 
however, they account for most of the burned area in the United 
States. ICS-209-PLUS provides ignition source (lightning versus 
human ignition) and information on structure burning. We com-
pare these fires events in 2020 from ICS-209-PLUS (1386 fires) to 
our model results.
Urban distribution data from MODIS
Land Cover Type Yearly data for 2020 from MODIS/Terra+Aqua 
(MCD12Q1 v6.1) (66) are used to show urban distribution. The 
MCD12Q1 data are available at https://lpdaac.usgs.gov/products/
mcd12q1v061/ (accessed 16 November 2023). The original resolu-
tion of these data is ~500 m. Urban and buildup is one of the catego-
ries of the Land Cover Type dataset. We regrid the data to ~9 km 
(1/12° latitude × 1/12° longitude) resolution for plotting in this pa-
per. By regridding to a coarser resolution, we calculate urban cover 
fraction from the category data.
WUWUI dataset
The Worldwide Unified Wildland-Urban Interface (WUWUI) data-
base is a global 9-km dataset for global WUI area fractions. WUWUI 
is developed using machine learning based on the global WUI map 
for 2020 at 10-m resolution (56). WUWUI agrees well with other 
global WUI datasets (4, 56) and provides global WUI area fractions 
for the year 2001, 2005, 2010, 2015, and 2020 (3, 45).
MOPITT CO retrievals
The MOPITT instrument onboard the NASA Terra satellite provides 
both thermal-infrared (TIR) and near-infrared (NIR) radiance 
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measurements since March 2000. Retrievals of CO column density 
and vertical profiles are provided in a multispectral TIR-NIR joint 
product, which has sensitivity to near-surface as well as free tropo-
spheric CO. Here, we use the MOPITT Version 9 Level 2 CO column 
product (67).
TCCON CO vertical column
TCCON is a network of ground-based Fourier transform spectrom-
eters that records direct solar spectra in the NIR spectral region (68, 
69). CO vertical column data (ppb) from 23 TCCON sites are used.

Uncertainty discussion
Our modeling studies are subject to uncertainties.

1) WUI data can be subject to uncertainties, and the WUI defini-
tion and map can vary with practice and application (70, 71). Here, 
we use a state-of-the-art global high-resolution WUI map (2) with 
consistently defined WUI at the global scale.

2) Fire emission inventories are subject to uncertainties. FINNv2.5 
overall agrees reasonably well with other global fire inventories (53) 
but tends to have higher emissions over Congo and Amazon. Not 
considering structure burning emissions is another source of uncer-
tainties. To our knowledge, there is no existing global fire emission 
inventory that explicitly accounts for structure burning. Although 
previous studies found that species like CO2, CO, and PM (including 
PM2.5 and inhalable PM—PM10) that are produced from all combus-
tion systems are emitted at similar levels from all fuel categories, 
emissions of VOCs and toxics can be substantially different, which 
can further affect O3. Quantifying structure burning emissions at 
global scale is extremely challenging yet important. We hope that the 
large WUI fire impacts on air quality and health revealed in this 
study can motivate the development of such an inventory.

3) We combine the FINNv2.5 fire emission inventory and the 
WUI map at 1-km spatial resolution. The 1-km resolution limitation 
comes from the spatial resolution of satellite fire detection data. At 
the county level or in some developed countries, there might be 
bottom-up information on fires with more details that have much 
higher resolution than 1 km. However, at global scale, we can only 
rely on satellite fire products. FINNv2.5 combines VIIRS and MO-
DIS active fire products to calculate fire emissions at the pixel size of 
1 km. To our knowledge, FINNv2.5 with 1-km resolution has the 
highest resolution among global fire emission inventories. In our 
previous study (3), we quantified how the WUI fire fraction changes 
with spatial resolutions at which the fire data and WUI data are 
merged. We merged fire data and WUI data at 1 km, 4 km, 9 km, 
and 1° resolution and found that in 2020 the calculated WUI fire 
count fractions are 4.3%, 4.3%, 4.3%, and 4.8%, respectively. This 
indicates that the calculation of WUI fire emissions is not sensitive 
to the resolution at the kilometer-scale resolution. Therefore, we 
merge FINNv2.5 fire emission inventory and the WUI map at 1-km 
resolution, although the model simulation is 14 km and 1° resolution.

4) Model simulations are subject to uncertainties, where the spa-
tial resolution outside CONUS is relatively coarse (~1°). We evaluate 
the model results with observations (figs. S11 to S15; see also above 
for discussions) with multiple observation datasets, and the model 
performance is reasonable. The modeled air pollutants’ concentra-
tions and population data are both re-gridded to 0.1° × 0.1° spatial 
resolution to calculate health impact. While it is common practice to 
regrid data with different resolutions for calculation, to understand 
the uncertainties in this process (merging coarse-resolution mod-
eled air pollution data with high-resolution population data), we 

conduct additional analyses (Supplementary Materials, figs. S16 and 
S17, and table S1) by calculating population-weighted exposure levels 
of PM2.5 and O3 with different resolutions (see the Supplementary 
Materials for more detailed discussions). The results indicate that 
the uncertainties from using the coarse-resolution modeled air 
pollution fields with high-resolution population data are relatively 
small (~10% for WUI fire impacts and ~20% for wildland fire im-
pacts) at large scale (such as the global and continental scale ana-
lyzed in this study). However, at the regional scale, higher model 
spatial resolution is needed to resolve regional features of air pollu-
tion distribution. More future studies focusing on regional-to-local 
scales with high resolution (e.g., kilometer-scale) are needed to 
refine the results from this study.

Supplementary Materials
This PDF file includes:
Supplementary Text S1 and S2
Figs. S1 to S17
Table S1
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