University
j of Victoria

UVicSPACE: Research & Learning Repository

Faculty of Science

Faculty Publications

Variability in Biomass Burning Emissions Weakens Aerosol Forcing Due To Nonlinear
Aerosol-Cloud Interactions

Kyle B. Heyblom, Hansi A. Singh, Philip J. Rasch, Haruki Hirasawa
June 2023

© 2023 Heyblom et al. This is an open access article distributed under the terms of the
Creative Commons Attribution License. https://creativecommons.org/licenses/by-nc/4.0/

This article was originally published at:

https://doi.org/10.1029/2022GL102685

Citation for this paper:

Heyblom, K. B., Singh, H. A., Rasch, P. ]J., & Hirasawa, H. (2023). Variability in
biomass burning emissions weakens aerosol forcing due to nonlinear aerosol-cloud
interactions. Geophysical Research Letters, 50, e2022GL102685.
https://doi.org/10.1029/2022GL102685



https://doi.org/10.1029/2022GL102685
https://creativecommons.org/licenses/by-nc/4.0/
https://doi.org/10.1029/2022GL102685

Geophysical Research Letters’

RESEARCH LETTER
10.1029/2022GL 102685

Key Points:

e The radiative forcing due to aerosols
is overestimated if emissions are
temporally-smoothed

e Interannual variability in aerosol
emissions leads to a weakened
time-average cloud radiative effect

e Changes in time-average cloud
radiative effect with differing aerosol
variability are due to nonlinear
aerosol-cloud interactions

Supporting Information:

Supporting Information may be found in
the online version of this article.

Correspondence to:

K. B. Heyblom,
kheyblom@uvic.ca

Citation:

Heyblom, K. B., Singh, H. A., Rasch,
P.J., & Hirasawa, H. (2023). Variability
in biomass burning emissions weakens
aerosol forcing due to nonlinear
aerosol-cloud interactions. Geophysical
Research Letters, 50, €2022GL102685.
https://doi.org/10.1029/2022GL102685

Received 4 JAN 2023
Accepted 27 MAR 2023

© 2023 The Authors.

This is an open access article under

the terms of the Creative Commons
Attribution-NonCommercial License,
which permits use, distribution and
reproduction in any medium, provided the
original work is properly cited and is not
used for commercial purposes.

'.) Check for updates

A G s

> SPACE SCIENCE

ok

Variability in Biomass Burning Emissions Weakens Aerosol
Forcing Due To Nonlinear Aerosol-Cloud Interactions

Kyle B. Heyblom! (), Hansi A. Singh! (2, Philip J. Rasch? ©’; and Haruki Hirasawa!

!School of Earth and Ocean Sciences, University of Victoria, Victoria, BC, Canada, >Department of Atmospheric Science,
University of Washington, Seattle, WA, USA

Abstract The magnitude of the aerosol forcing remains among the largest unknowns when assessing
climate sensitivity over the historical period. Here, we quantify and explain a crucial but often overlooked
source of uncertainty in aerosol forcing: the temporal variability of aerosol emissions. We show that
time-variability in biomass burning (BB) emissions weakens the time-averaged total aerosol forcing,
particularly in the Northern Hemisphere mid- to high-latitudes. BB emissions variability produces weaker
(less negative) mean effective radiative forcing (ERF) compared to scenarios with no interannual variability in
emissions. Satellite-estimated BB emissions (and associated variability) result in a June—September absolute
ERF (relative to zero BB emissions) of —7.7 W m~2 from 50° to 70°N, compared to —10.4 W m~2 when no
emissions variability is used in the Community Earth System Model version 2 (CESM2). This difference in
forcing is attributable to nonlinear aerosol-cloud interactions. Aerosol forcing will be overestimated (i.e., more
negative) if emissions are temporally-smoothed.

Plain Language Summary Aerosols are small particles in the air that can impact the climate, but
we don't know exactly how much. One reason for this uncertainty is that the amount of aerosols can change a lot
over time, especially when it comes from burning things like wood or plants (i.e., biomass burning emissions).
When the amount of these biomass burning aerosols changes a lot from year-to-year, it has less of an impact on
the climate. This is because clouds react less strongly when aerosol concentrations are high compared to when
they are low. If we smooth out the changes in aerosol amounts over time (as is done with most Earth System
Model simulations), we will overestimate their cooling impact on the climate.

1. Introduction

Atmospheric aerosols are a critical component of the climate system, but the complex processes governing their
production, deposition, and interactions with clouds are difficult to observe and model. Uncertainty in the aerosol
forcing is one of the greatest challenges for understanding historical climate change and projecting near-future
climate evolution (Forster et al., 2021; Kiehl, 2007).

Previous research on aerosol radiative forcing has focused on the effect of secular change in aerosol emis-
sions, with little consideration of the impact of shorter timescale variability in the emissions. For example, the
fifth Coupled Model Intercomparison Project (CMIPS; Taylor et al., 2012) historical and future simulations
use biomass burning (BB) emissions estimates that are smooth temporally compared to real-world emissions,
particularly on inter- and sub-annual time scales. Real-world BB emissions in the extratropics occur episodically
and stochastically, and may depend on weather conditions (precipitation, drought, lightning) or human activity
(agricultural burning, forest clearing, arson) (Lamarque et al., 2010; van der Werf et al., 2017).

To incorporate more realistic aerosol emissions variability, the latest CMIP (sixth phase; CMIP6; Eyring
et al., 2016) includes BB emissions estimates derived from satellite observations for historical simulations from
1997 to 2014 (Figure 1a; van Marle et al., 2017). Historical CMIP6 BB emissions in this time period have much
higher temporal variability than those used in previous model intercomparison efforts (e.g., the CMIPS5 historical
simulations). However, the BB emissions used for CMIP6 prior to 1997 (before satellite measurement capability)
are similar to the CMIPS5 inventories, with weak temporal variability (Figure 1a black line; Lamarque et al., 2010;
van Marle et al., 2017).

Recent analyses in the Community Earth System Model version 2 (CESM2; Danabasoglu et al., 2020) have
estimated the climate effect of this change in BB emissions variability by comparing simulation scenarios
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Figure 1. Biomass burning (BB) emissions used for CMIP6 and the effect of high BB emissions variability on surface temperature in CESM2. Panel (a) shows the
annual mean biomass burning (BB) emissions averaged over 50°~70°N prescribed for CMIP6 (black line) and a second smoothed emissions inventory used for 50
members of the Community Earth System Model Large Ensemble version 2 (CESM2-LE) over the recent historical period (red line), in particles m~> min~! (Text S2 in
Supporting Information S1). The vertical gray dashed lines delineate the period of high BB emissions variability in the CMIP6 prescribed BB emissions (1997-2014).
Panel (b) shows the difference in surface temperature between the CMIP6 emissions ensemble members and smoothed BB emissions ensemble members in the
CESM2-LE during 1997-2014 (average of 50 CMIP6 emissions ensemble members minus average of 50 smoothed BB emissions ensemble members; in °C). Stippling
signifies 90% confidence (Text S8 in Supporting Information S1). See Text S1 in Supporting Information S1 for a further description of CESM2-LE and BB emissions

therein.

with temporally-smoothed BB emissions to scenarios with time-varying CMIP6 emissions over the 1997 to
2014 period (DeRepentigny et al., 2022; Fasullo et al., 2022; Heyblom et al., 2022; Rodgers et al., 2021). The
largest set of these comparison simulations is the CESM2 Large Ensemble (CESM2-LE; Figure 1a; Rodgers
et al., 2021). Studies using the CESM2-LE show that the sudden change in BB emissions variability in the
CMIP6 late-historical simulations leads to shifts in the climate, producing increases in simulated downwelling
shortwave radiation and enhancing surface warming (Fasullo et al., 2022; also Figure 1b), increases in atmos-
pheric water vapor and precipitation (Heyblom et al., 2022), and accelerated Arctic sea ice loss (DeRepentigny
etal., 2022). These studies postulated that nonlinearities in the climate system's response to BB aerosols produced
these climate effects. However, the coupled climate model simulations used in these studies did not allow for the
decoupling of climate forcing and feedback, making attribution of the cause difficult.

Here, we use idealized Earth System Model (ESM) simulations to show that the temporal variability of BB aero-
sol emissions substantially impacts the magnitude of the forcing attributable to these emissions. We show that BB
emissions variability impacts BB aerosol forcing because of a nonlinear response of aerosol-cloud interactions to
atmospheric aerosol concentrations. Our study provides direct evidence that temporal variability of BB aerosol
weakens the time-averaged aerosol cloud radiative effect in a state-of-the-art ESM, and that temporal smoothing
will lead to a much stronger BB aerosol radiative effect.

2. Methods

To quantify the impact that greater interannual variability in biomass burning (BB) emissions has on the total
radiative forcing attributable to these emissions, we conduct simulations using the Community Earth System
Model version 2 (CESM2; Danabasoglu et al., 2020) with idealized BB emissions perturbations. In each simu-
lation we configure CESM2 in the same way as the CESM2-LE (Text S1 in Supporting Information S1), but
fix sea surface temperatures (SSTs), sea ice concentrations, and all forcings (except BB emissions) to the 2000
climatology (mean monthly values from 1995 to 2005). We use three different simulations, each of which treat
BB emissions variability differently (Figure 2). Each simulation is run for 54 years.

The first simulation (hereafter “Real-Var”; Figure 2 green line) uses BB emissions as prescribed for CMIP6 histor-
ical simulations from 1997 to 2014 (van der Werf et al., 2017; van Marle et al., 2017). The emissions estimates for
this period are thus taken to represent a best estimate of real-world BB emissions. These 18 years of emissions are
repeated three times. The second simulation (hereafter “Pulse-Var”; Figure 2 yellow line) prescribes an idealized
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Figure 2. Idealized simulations to quantify changes in effective radiative forcing (ERF) due to biomass burning (BB) emissions variability. The center image shows the
time-integrated emissions rate of BB emissions for all scenarios (in particles cm~2 s~!; Text S2 in Supporting Information S1) in red, while the surrounding insets show
the time evolution of BB emissions from Zero-Var, Real-Var, and Pulse-Var (black, green, and brown lines, respectively) at selected locations.

high-temporal variability emissions scenario where all emissions for each grid cell occur every 6 years in phase
with all other grid cells. Total emissions in years that simulate a pulse of BB emissions are equal to six times
the annual mean emissions from the Real-Var experiment at each grid cell; during other years BB emissions are
zero. A third experiment (hereafter ‘“Zero-Var”; Figure 2 black line) uses emissions based upon a climatology
that repeats each year, and thus has no interannual variability in BB emissions. It is important to note that due
to the aggregation of emissions in time, the Pulse- and Zero-Var inventories are also spatially smoother than the
Real-Var inventory.

All simulations use fixed SSTs to allow the direct quantification of the effective radiative forcing (ERF) in the
absence of most feedbacks (Text S3 in Supporting Information S1; Hansen et al., 2005; Forster et al., 2021).
Because the time-integrated emissions are equal across these three simulations, differences in ERF are attributa-
ble entirely to differences in the variability of BB emissions.

In addition, we utilize the outcomes obtained from our fixed-SST simulations to create a heuristic model that
illustrates the underlying mechanism responsible for the differences in ERF when variations in BB emissions
variability are specified. To achieve this, we derive synthetic distributions that represent the aerosol concentra-
tions present in the Zero-Var (black) and Real-Var (green) simulations by fitting normal and log-normal probabil-
ity density functions to the Zero-Var and Real-Var simulation concentrations, respectively. We then demonstrate
how each of these idealized aerosol concentration distributions leads to different distributions of cloud radiative
effect (CRE).

3. Results
3.1. The Effects of Emissions Variability on the Aerosol Forcing

Figures 3a—3c shows that the BB aerosol effective radiative forcing (ERF) weakens (i.e., becomes less negative)
when emissions vary in time (as in Real-Var and Pulse-Var) compared to when there is no interannual variability
(as in Zero-Var). We denote the change in ERF due to BB emissions variability as AERFy,, . computed as the
difference in the ERF between scenarios with time-varying emissions (Pulse-Var and Real-Var) and Zero-Var.
The AERFy,, is strongest over regions of high column-integrated aerosol concentration variability (Figure S1
in Supporting Information S1), particularly over the NH mid- to high-latitudes from June—September (JJAS; the
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Figure 3. Change in effective radiative forcing (ERF) and cloud properties due to biomass burning emissions variability.
Panel (a) shows the June—September (JJAS) mean absolute ERF due to BB emissions in the Zero-Var experiment (relative
to no BB emissions). Panels (b)—(g) show the JJAS mean change in ERF (b and c; denoted AERFy,,, ; in W m~2), vertically
integrated cloud droplet number concentration (d and e; CDNC; in 10° m~2), and total (long and shortwave) cloud radiative
effect (f and g; CRE; in W m~2) due to BB emissions variability in the Real-Var (left column) and Pulse-Var (right column)
experiments. Changes due to BB emissions variability are defined as the variability experiments minus the Zero-Var
experiment. Stippling signifies 90% confidence (Text S8 in Supporting Information S1).
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period of most active fires in this region; see Figure S2 in Supporting Information S1 for annual mean differ-
ence). For example, averaged from 50° to 70°N, we find a +1.1 W m~2 (+0.1 W m~2 global) annual mean and
+2.7 W m~2 (+0.42 W m~2 global) JJAS mean ERF weakening in the Real-Var experiment relative to Zero-Var.
In effect, episodic BB emissions leads to a weaker (i.e., less negative) aerosol forcing associated with biomass
burning.

3.2. Differences in Forcing Are Driven by Differences in the Cloud Radiative Effect

ERF sensitivity to emissions variability (i.e., AERFy,, ) is due to a weaker time-averaged cloud response to
aerosol emissions when BB emissions are variable. Figures 3d—3g shows how time-averaged cloud properties are
affected by BB emissions variability. Each panel displays selected JJAS cloud property changes for the higher
variability simulation compared to the Zero-Var simulation (Real-Var and Pulse-Var simulations in the left and
right column respectively; also see Figure S3 in Supporting Information S1 for annual mean change). Averaged
cloud droplet number concentration (CDNC; Figures 3d and 3e) is smaller in the simulations with higher interan-
nual BB variability. Similar to ERF changes, the largest sensitivity in CDNC is found in regions where BB emis-
sions interannual variability is large (i.e., predominately over the NH mid- to high-latitudes land regions). There
are similar reductions in cloud amount and liquid water path with increased BB emissions variability (Figure S4
in Supporting Information S1).

The time-averaged increase in absorbed radiation due to changes in clouds is shown in Figures 3f and 3g as
the cloud radiative effect (CRE). The CRE change due to BB emissions variability is highly correlated with
AERF,, : global Pearson pattern correlation coefficient of the annual means of 0.87 in the Real-Var experiment
and 0.93 in the Pulse-Var experiment. These correlations, and the similar magnitudes of CRE and AERF,,
indicate that AERF,, is driven by changes in time-averaged cloud properties when BB emissions are variable.

We note that there is a small region over Arctic land where there is increased absorbed radiation that is not due to
changes in clouds (Figure S5a and S5b in Supporting Information S1; shown as clear-sky top of atmosphere net
radiative flux). The increase in absorbed radiation in the absence of clouds is due to a decrease in land-surface
albedo over the same region (Figure S5c and S5d in Supporting Information S1), which is a feedback resulting
from the difference in forcing. Though the configuration and method used here to quantify the ERF is a widely
accepted approach (Text S3 in Supporting Information S1; also see Hansen et al., 2005; Smith et al., 2020; Forster
et al., 2021), it does allow for the possibility that computed changes in ERF are due differences in land-surface
feedbacks not corrected for in our computation (Text S3 in Supporting Information S1). We replicated the Real-
Var experiment in an aquaplanet configuration with CESM2 (in which land surfaces are replaced with an ideal-
ized ocean; Text S4 in Supporting Information S1; Marshall et al., 2007) and find qualitatively similar results
(Figure S6 in Supporting Information S1). From this, we conclude the cloud response to BB emissions variability
is not driven by land surface interactions. Though nonlinear land feedbacks, such as the land surface albedo, may
be amplifying the change in ERF (as computed in this study) due to differences in BB emissions variability, they
are not the driver of the model response.

3.3. Differences in Cloud Radiative Effect Are Due To Nonlinear Aerosol-Cloud Interactions

We now show that the time-averaged CRE weakens when BB emissions are more variable because of a nonlinear
relationship between atmospheric aerosol concentrations and their effects on cloud properties. Nonlinearity in
aerosol-cloud interactions are expected from both modeling and observational studies. As aerosol concentrations
increase, they less effectively nucleate to become cloud droplets (Bougiatioti et al., 2016; Carslaw et al., 2013;
Kacarab et al., 2020; Reutter et al., 2009; Rissman et al., 2004; Twomey, 1977). Because cloud droplet nucleation
becomes less effective at higher aerosol concentrations, the relationship between aerosol concentration and CRE
is nonlinear.

Figure 4 confirms that the time- and area-averaged relationship of CDNC and CRE is indeed nonlinear over
50°=70°N during JJAS. Shown in this figure are the cloud responses to varying fixed BB emissions rates (purple),
as well as Real-Var (green) and Pulse-Var (yellow) simulations. Figure 4 also shows responses to varying aerosol
concentrations in the CESM2-LE during the simulated high BB emissions variability period from 1997 to 2014
(blue; shown as probability density function). From the left column of Figure 4, it is clear that CDNC and CRE
depend nonlinearly on aerosol concentration. This nonlinear response is apparent across the fixed aerosol emis-
sions simulations, as well as in the Real-Var experiment and CESM2-LE.
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Figure 4. Responses of CDNC and CRE to varying aerosol emissions for June—September (JIAS) averaged over 50°~70°N, relative to the Zero-Var simulations

unless otherwise stated.

The left column shows the relationship between column-integrated aerosol concentrations (in 10'2 particles m~2; Text S2 in Supporting

Information S1) and (a) column-integrated CDNC (in 10° m~2) or (b) CRE (in W m~2) for a collection of years (number of years displayed in the legend) drawn from
each experiment. The average and range of that collection is shown by marker and whiskers. The “High” and “Low” statistics are produced by averaging the years
which do and do not have BB emissions in the Pulse-Var experiment, respectively. “Fixed emissions” experiments scale the Zero-Var BB emissions. CESM2-LE
probability density functions (PDF) represent changes of each year in the high BB emissions variability simulations relative to the ensemble annual mean from the

low BB emissions variability simulations of the CESM2-LE historical simulations from 1997 to 2014 (see Text S1 in Supporting Information S1 for a description of
different CESM2-LE ensemble members). The right column shows the time evolution of CDNC and CRE from the Zero-Var, Real-Var, and Pulse-Var simulations. The
horizontal dashed lines represent the JJAS mean for the entire simulation period.

The nonlinear response to BB emissions influences the temporal evolution of the simulations, seen in the right
column of Figure 4. When emissions are higher than the Zero-Var case, the incremental change in CDNC and
CRE is smaller in magnitude than when emissions are lower than the Zero-Var case. As a result, over low emis-
sions years, there is a larger increase in absorbed solar energy (relative to the Zero-Var baseline) compared to
the decrease in absorbed solar energy over high emissions years, explaining the time-averaged effects seen in
Figure 3.

We use a heuristic model to further demonstrate how nonlinearities in aerosol-cloud interactions lead to a
weakening of the time-averaged CRE if aerosol emissions are variable in time. Figure 5a shows distributions

HEYBLOM ET AL.

6 of 10

85UB01 7 SUOWWIOD dAIERID 3|qealjdde auy Aq psuAob a1e I YO 8SN JO S3|NJ o ARIGITBUIIUO A8]IM UO (SUOTHPUOD-PUB-SLUIBI W00 &3] 1M AReq1[pul [UO//Stny) SUORIPUOD pue swie | 84y 88S *[£202/90/80] U0 AiqiTaulluO A8]IM ‘Sus N BLIOKIA JO AISBAIIN AQ 58920T 192202/620T 0T/I0p/W0d A8 1M Areiqipuijuo sandnBey/sdny woly pepeojumod ‘TT ‘€202 ‘L008rY6T



Aru g .
A\ Geophysical Research Letters 10.1029/2022GL102685
(a) g &4 (d)
z..° 2
£a <Ey
* 32
~ 2=

—48

(c) (e)

(102 part. m~2)

L] L] L] L] T I L] 1 L) L) 1 | J L] 1 L) 1 1
2 3 4 0 3 6 10 20 30 40 50 60 70 80 90 100
Aerosol Concentration Probability Year
Density

Figure 5. Idealized cloud radiative effect (CRE) response to varying aerosol concentrations. Panel (a) shows probability density functions (PDF) of aerosol
concentrations representative of Real-Var and Zero-Var BB emissions scenarios (green and black, respectively). Panel (b) shows the cloud radiative effect (CRE)
response to aerosol concentration derived from CESM2 (nonlinear; solid purple) and a linear response (dashed purple). Panel (c) shows the resulting CRE PDFs from
the nonlinear and linear aerosol-CRE responses (solid and dashed lines, respectively). Vertical and horizontal lines in panels (a) and (c) represent the mean aerosol
concentration and CRE, respectively, of each distribution. Panel (d) shows a 100-year aerosol concentration time series randomly drawn from the high and zero aerosol
emissions variability PDFs (green and black lines, respectively). Panel (e) shows the resulting CRE from aerosol concentrations shown in panel (d) from the nonlinear
and linear aerosol-CRE responses (solid and dashed lines, respectively).

representative of the 50°-~70°N area mean aerosol concentration resulting from emissions in the Zero-Var (normal
distribution; black) and Real-Var (log-normal distribution; green) experiments, both of which have the same mean
(overlapping vertical green and black lines). Note that the Zero-Var distribution has some variability (i.e., width)
because of meteorological variability within these simulations, not BB emissions variability itself, which is nil.
Figure 5b shows nonlinear (logarithmic; solid) and linear (dashed) functions describing two separate inferred
relationships between aerosol concentrations and CRE, derived from Figure 4b (see Text S5 in Supporting Infor-
mation S1 for further description).

Figure 5c shows the projected distributions of CRE using the functions shown in Figure 5b. Comparing CRE
distributions resulting from nonlinear (solid lines) and linear (dashed lines) aerosol-CRE functions shows the
effect of nonlinearity in the aerosol-CRE relationship (Figure 5c). First, any aerosol distribution will be skewed
toward weakened CRE values as the nonlinear aerosol-CRE function deviates further from the linear function
at lower aerosol concentrations than at higher concentrations. Second, realistic emissions variability (such as in
Real-Var) has a much higher frequency of low concentration years (where the nonlinear relationship deviates
the most from the linear function) compared to high concentration years, resulting in further CRE weakening.
The combination of these two effects results in a weaker mean CRE for the log-normal aerosol concentration
distribution when using the nonlinear aerosol-CRE function (horizontal solid green line) compared to the linear
aerosol-CRE function (horizontal dashed green and black lines). We note that the mean CRE is also weaker for
the normal aerosol concentration distribution when using the nonlinear aerosol-CRE function (horizontal solid
black line) compared to if the linear aerosol-CRE function is used, though the change is small (and not visible on
Figure 5c¢) as the variability is low.

Two synthetic time series of aerosol concentrations (Figure 5d) and the resulting CRE values (Figure 5e) confirm
the time-averaged effect leading to differences in mean CRE shown in the time series in Figure 4. When emis-
sions are low (and CRE is less negative), a nonlinear aerosol-CRE relationship results in much weaker (less
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negative) CRE values than if the relationship is linear (compare large positive deviations in CRE due to nonlinear
and linear aerosol-CRE relationships).

4. Discussion
4.1. A Need for More Idealized Experiments

To-date, there have been few sets of experiments that can be used to infer the impacts of BB emissions variabil-
ity on the climate system. To the best of our knowledge, there has only been experiments conducted by Fasullo
et al. (2022) and DeRepentigny et al. (2022), the CESM2-LE (Rodgers et al., 2021), and those performed for this
study (Methods). As the only difference in forcing is the treatment of BB emissions variability, these experiments
can be used to directly quantify the impact of BB emissions variability on the climate. Furthermore, we have
conducted a set of idealized ESM simulations that allow us to quantify the difference in radiative forcing attrib-
uted to BB emissions variability.

It is important to assess how the radiative forcing is affected in more ESMs to understand how model-specific
aerosol and cloud microphysics parameterizations may affect the forcing uncertainty attributable to aerosol
emissions variability. For example, AERFg;,, - may be particularly noticeable in CESM2 as it has relatively
strong aerosol-cloud interactions (Smith et al., 2020). Understanding the strength of the AERF,,, in ESMs
is important for the design of future intercomparisons. Further idealized experiments, such as those described
here, are necessary to detect and quantify the effect of aerosol variability on the effective radiative forcing due to
aerosol-cloud interactions in a variety of ESMs. Current model intercomparison projects (i.e., those for CMIP6)
are not adequate to attribute changes in the climate to differences in BB emissions variability because it is
unlikely that quantifying statistically robust differences in climate is feasible without a direct comparison between
high and low BB emissions variability scenarios. Indeed, we find no robust evidence of nonlinearity between
annual BB emissions and CRE in individual ESM output submitted to the CMIP6 historical Atmospheric Model
Intercomparison Project (AMIP; Figure S7 in Supporting Information S1; Text S7 in Supporting Information S1;
Gates et al., 1999; Eyring et al., 2016).

4.2. Implications

The temporal variability in BB aerosol emissions changes the climate forcing attributable to these aerosols. In
particular, we show that realistic BB emissions variability leads to a weaker (less negative) forcing, compared to
low emissions variability. This effect is particularly strong and widespread over the NH mid- to high-latitudes.
This ERF change (reduction in the magnitude of the total aerosol forcing) induced by BB emissions variability is
due to nonlinear aerosol-cloud interaction effects.

These findings are of particular importance when considering the total aerosol forcing over historical periods
and into the future. Most emissions inventories neglect realistic interannual variability (e.g., Hoesly et al., 2018;
O’Neill et al., 2016; van Marle et al., 2017), which would lead to a more negative ERF due to aerosol-cloud
interaction effects (ERF,,). Furthermore, many modeling approaches used to evaluate ERF,; do not prescribe
realistic variability in aerosol emissions, if at all. For example, the Radiative Forcing Model Intercomparison
Project (RFMIP) uses either fixed present-day or CMIP6 historical aerosol emissions that include only secular
trends to quantify the radiative forcing of aerosols in CMIP6 ESMs; they do not include realistic BB emissions
variability prior to 1997 (Pincus et al., 2016). Likewise, emissions prescribed for future projection scenarios
(after 2014) also neglect temporal variability in aerosol emissions (recall Figure 1a; Riahi et al., 2017). We also
note that, while the issues have been discussed here in the context of the interannual variability of BB emissions,
these issues are likely relevant to other emissions sources that are sensitive to natural and anthropogenic variabil-
ity (e.g., DMS emissions that are sensitive to ocean variability).

As treatments of aerosol variability differ in the historical, present-day, and future scenario simulations, signif-
icant biases in the total aerosol forcing may be present. The inclusion of interannual variability for some years,
and neglect of it in others, will introduce discrepancies and discontinuities in the aerosol forcing that may be
significant (such as spurious sea ice trends, as shown in DeRepentigny et al., 2022). To properly evaluate aerosol
forcings and model past, present, and future climates, the temporal variability of aerosol emissions should be
treated consistently and more realistically.
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Past (prior to the satellite era) and future biomass burning aerosol emissions (and thus their variability) are
uncertain. They will depend on many different factors, including changes in fire weather and fuel loads. As ESMs
simulate aerosol-cloud interactions using more and more complex physics, they must also consider how BB aero-
sol emissions variability has changed through the past and into the future. Ideally, emissions variability should
be prescribed with a carefully stated, well understood set of assumptions with impacts that can be evaluated and
quantified. Alternatively, to avoid any assumptions of emissions variability, prognostic fire models should be
integrated into the next generation of ESMs.
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This material is based upon work supported by the National Center for Atmospheric Research (NCAR).
CESM2-LE data are available here https://www.cesm.ucar.edu/community-projects/lens2. Information on the
release of the CESM2-LE is available here https://doi.org/10.5194/esd-12-1393-2021. The CMIP6 data used for
calculating cloud radiaitve effects from multiple Earth System Models (see Figure S7 in Supporting Informa-
tion S1) are publicly available through the World Climate Research Programme CMIP6 website (https://esgf-
node.llnl.gov/search/cmip6/).
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