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1 Introduction

The incidence of wildfires in the Arctic and subarctic is in-
creasing dramatically (Flannigan et al., 2009; Moritz et al.,
2012; Stocks et al., 1998), and in some areas, such as boreal
North America, it is expected to grow by 200–300% over the
next 50–100 years (Balshi et al., 2009). Already, periods of
intense wildfires can increase regional aerosol concentrations
in the Arctic twofold (Warneke et al., 2010), and the impact
of smoke is increasingly being recognized as a strong con-
tributor to Arctic haze (Hegg et al., 2009, 2010; McConnell et
al., 2007; Shaw, 1995; Stohl et al., 2006, 2007). Increases in
biomass burning aerosols could have a large effect on cloud
dynamics (Earle et al., 2011; Jouan et al., 2012; Lance et al.,
2011; Lindsey and Fromm, 2008; Rosenfeld et al., 2007; Ti-
etze et al., 2011); in turn, smoke-derived changes to cloud
microphysics may result in changes to precipitation and re-
gional heating that are strong enough to affect dwindling re-
gional sea ice (Kay et al., 2008; Kay and Gettelman, 2009;
Lubin and Vogelmann, 2006; Vavrus et al., 2010).
However, the interactions between smoke particles and

Arctic clouds are poorly quantified, in part due to the con-
founding effects of meteorology and surface conditions (e.g.,
Earle et al., 2011; Jackson et al., 2012; Jouan et al., 2012),
and in part due to satellite sampling constraints over the Arc-
tic, such as caused by the presence of many low contrast re-
gions, multi-layer clouds (Intrieri et al., 2002), and reduced
sunlight. One common way in which aerosol–cloud interac-
tions (ACIs) are quantified is by assessing how a cloud prop-
erty changes relative to some aerosol tracer or, in this case,
biomass burning aerosol tracer (BBt). Following Eq. (1), ACI
estimates for a given location can be derived from aircraft
measurements of cloud droplet number, Nliq; they can also
be derived from ground-based or remote sensing retrievals of
changes in cloud properties such as droplet effective radius
(re) or cloud optical depth (⌧ ) at constant liquid water path
(LWP) (Feingold et al., 2001; McComiskey et al., 2009):

ACI = 1
3
dlnNliq

d lnBBt
= � @ lnre

@ lnBBt

����
LWP

= @ ln⌧

@ lnBBt

����
LWP

. (1)

The ACI term as defined by Eq. (1) was originally de-
scribed as the “indirect effect” (IE) (Feingold et al., 2001,
2003). Here, similarly to McComiskey et al. (2009), we use
“ACI” instead of “IE” to differentiate the fact that the met-
ric in Eq. (1) is more directly associated with aerosol-driven
changes to cloud microphysical responses than with radiative
forcing.
The maximum value of ACIs as derived from Eq. (1) is

0.33. An ACI value of 0.33 corresponds with the 1.0 max-
imum possible change in lnNliq relative to lnBBt, which
would occur if every aerosol were to nucleate a cloud droplet.
The first term of Eq. (1) is divided by 3 in order to cor-

respond with the last two terms, which are derived at con-
stant LWP from the following theoretical relationships: re↵
LWP/⌧ (Stephens, 1978) and ⌧↵N

1/3
liq (Twomey, 1977). Note

that although each term in Eq. (1) should equal each other’s
term, in practice, measurement-derived biases can cause ap-
parent differences between the terms. This issue will be dis-
cussed further in later sections.
One study convincingly demonstrated that smoke reduces

cloud droplet effective radius and enhances cloud albedo in
Arctic liquid clouds (Tietze et al., 2011). In that study, mod-
eled BBt concentrations were combined with remote sensing
of cloud properties, enabling the authors to reduce meteoro-
logical bias by basing their conclusions on tens of thousands
of clouds sampled over a variety of meteorological condi-
tions throughout the Arctic. Smoke ACI values derived from
relative changes in cloud re were estimated to be between
0.04 and 0.11 out of a maximum 0.33. (Note however that in
that study, clouds were binned by temperature and pressure,
rather than by LWP as in Eq. 1 above.)
However, despite being able to conclusively demonstrate a

smoke cloud albedo effect, Tietze et al. (2011) noted that they
might have underestimated the magnitude of satellite-derived
ACI values because of difficulties constraining aerosol con-
centrations and locations. They cite a study by Costantino
and Breón (2010), where it was demonstrated that not co-
locating aerosol–cloud layers in the vertical column dramat-
ically lowered ACI estimates from 0.24 to 0.04 over marine
stratocumulus clouds influenced by African biomass burn-
ing. This bias seems to be apparent in many ACI estimates
globally; from a literature search, McComiskey and Fein-
gold (2012) revealed that remote-sensing-derived ACI values
worldwide are lower than those derived from in situ, model-
ing, and/or ground-based studies. They also showed that in
addition to errors in the co-location of clouds and aerosols,
the comparatively low spatial resolution of remote sensing
observations can further enhance the low bias in ACI esti-
mates.
In the Arctic, these biases can be substantial. In a study in

northern Finland, ACI estimates derived over the same gen-
eral time period and location from both ground-based and
remote sensing methods were ⇠ 0.25 and 0.09± 0.04, re-
spectively (Lihavainen et al., 2010), a more than twofold dif-
ference. For reference, the range of Arctic remote-sensing-
derived ACI estimates for all aerosol sources is�0.01 to 0.09
(Lihavainen et al., 2010; Tietze et al., 2011); in situ, ground-
based, and model estimates range between 0.05 and 0.3 (Gar-
rett et al., 2004; Lihavainen et al., 2010; Zhao et al., 2012).
The degree of bias at other global sites has led McComiskey
and Feingold (2012) to assert that the albedo effect can only
be assessed accurately from aircraft or ground-based in situ
data.
To better understand the impacts that expected increases

in smoke will have on the Arctic, it is important to bet-
ter constrain remote sensing and model estimates of smoke-
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1 Introduction

The incidence of wildfires in the Arctic and subarctic is in-
creasing dramatically (Flannigan et al., 2009; Moritz et al.,
2012; Stocks et al., 1998), and in some areas, such as boreal
North America, it is expected to grow by 200–300% over the
next 50–100 years (Balshi et al., 2009). Already, periods of
intense wildfires can increase regional aerosol concentrations
in the Arctic twofold (Warneke et al., 2010), and the impact
of smoke is increasingly being recognized as a strong con-
tributor to Arctic haze (Hegg et al., 2009, 2010; McConnell et
al., 2007; Shaw, 1995; Stohl et al., 2006, 2007). Increases in
biomass burning aerosols could have a large effect on cloud
dynamics (Earle et al., 2011; Jouan et al., 2012; Lance et al.,
2011; Lindsey and Fromm, 2008; Rosenfeld et al., 2007; Ti-
etze et al., 2011); in turn, smoke-derived changes to cloud
microphysics may result in changes to precipitation and re-
gional heating that are strong enough to affect dwindling re-
gional sea ice (Kay et al., 2008; Kay and Gettelman, 2009;
Lubin and Vogelmann, 2006; Vavrus et al., 2010).
However, the interactions between smoke particles and

Arctic clouds are poorly quantified, in part due to the con-
founding effects of meteorology and surface conditions (e.g.,
Earle et al., 2011; Jackson et al., 2012; Jouan et al., 2012),
and in part due to satellite sampling constraints over the Arc-
tic, such as caused by the presence of many low contrast re-
gions, multi-layer clouds (Intrieri et al., 2002), and reduced
sunlight. One common way in which aerosol–cloud interac-
tions (ACIs) are quantified is by assessing how a cloud prop-
erty changes relative to some aerosol tracer or, in this case,
biomass burning aerosol tracer (BBt). Following Eq. (1), ACI
estimates for a given location can be derived from aircraft
measurements of cloud droplet number, Nliq; they can also
be derived from ground-based or remote sensing retrievals of
changes in cloud properties such as droplet effective radius
(re) or cloud optical depth (⌧ ) at constant liquid water path
(LWP) (Feingold et al., 2001; McComiskey et al., 2009):

ACI = 1
3
dlnNliq

d lnBBt
= � @ lnre

@ lnBBt

����
LWP

= @ ln⌧

@ lnBBt

����
LWP

. (1)

The ACI term as defined by Eq. (1) was originally de-
scribed as the “indirect effect” (IE) (Feingold et al., 2001,
2003). Here, similarly to McComiskey et al. (2009), we use
“ACI” instead of “IE” to differentiate the fact that the met-
ric in Eq. (1) is more directly associated with aerosol-driven
changes to cloud microphysical responses than with radiative
forcing.
The maximum value of ACIs as derived from Eq. (1) is

0.33. An ACI value of 0.33 corresponds with the 1.0 max-
imum possible change in lnNliq relative to lnBBt, which
would occur if every aerosol were to nucleate a cloud droplet.
The first term of Eq. (1) is divided by 3 in order to cor-

respond with the last two terms, which are derived at con-
stant LWP from the following theoretical relationships: re↵
LWP/⌧ (Stephens, 1978) and ⌧↵N

1/3
liq (Twomey, 1977). Note

that although each term in Eq. (1) should equal each other’s
term, in practice, measurement-derived biases can cause ap-
parent differences between the terms. This issue will be dis-
cussed further in later sections.
One study convincingly demonstrated that smoke reduces

cloud droplet effective radius and enhances cloud albedo in
Arctic liquid clouds (Tietze et al., 2011). In that study, mod-
eled BBt concentrations were combined with remote sensing
of cloud properties, enabling the authors to reduce meteoro-
logical bias by basing their conclusions on tens of thousands
of clouds sampled over a variety of meteorological condi-
tions throughout the Arctic. Smoke ACI values derived from
relative changes in cloud re were estimated to be between
0.04 and 0.11 out of a maximum 0.33. (Note however that in
that study, clouds were binned by temperature and pressure,
rather than by LWP as in Eq. 1 above.)
However, despite being able to conclusively demonstrate a

smoke cloud albedo effect, Tietze et al. (2011) noted that they
might have underestimated the magnitude of satellite-derived
ACI values because of difficulties constraining aerosol con-
centrations and locations. They cite a study by Costantino
and Breón (2010), where it was demonstrated that not co-
locating aerosol–cloud layers in the vertical column dramat-
ically lowered ACI estimates from 0.24 to 0.04 over marine
stratocumulus clouds influenced by African biomass burn-
ing. This bias seems to be apparent in many ACI estimates
globally; from a literature search, McComiskey and Fein-
gold (2012) revealed that remote-sensing-derived ACI values
worldwide are lower than those derived from in situ, model-
ing, and/or ground-based studies. They also showed that in
addition to errors in the co-location of clouds and aerosols,
the comparatively low spatial resolution of remote sensing
observations can further enhance the low bias in ACI esti-
mates.
In the Arctic, these biases can be substantial. In a study in

northern Finland, ACI estimates derived over the same gen-
eral time period and location from both ground-based and
remote sensing methods were ⇠ 0.25 and 0.09± 0.04, re-
spectively (Lihavainen et al., 2010), a more than twofold dif-
ference. For reference, the range of Arctic remote-sensing-
derived ACI estimates for all aerosol sources is�0.01 to 0.09
(Lihavainen et al., 2010; Tietze et al., 2011); in situ, ground-
based, and model estimates range between 0.05 and 0.3 (Gar-
rett et al., 2004; Lihavainen et al., 2010; Zhao et al., 2012).
The degree of bias at other global sites has led McComiskey
and Feingold (2012) to assert that the albedo effect can only
be assessed accurately from aircraft or ground-based in situ
data.
To better understand the impacts that expected increases

in smoke will have on the Arctic, it is important to bet-
ter constrain remote sensing and model estimates of smoke-
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1 Introduction

The incidence of wildfires in the Arctic and subarctic is in-
creasing dramatically (Flannigan et al., 2009; Moritz et al.,
2012; Stocks et al., 1998), and in some areas, such as boreal
North America, it is expected to grow by 200–300% over the
next 50–100 years (Balshi et al., 2009). Already, periods of
intense wildfires can increase regional aerosol concentrations
in the Arctic twofold (Warneke et al., 2010), and the impact
of smoke is increasingly being recognized as a strong con-
tributor to Arctic haze (Hegg et al., 2009, 2010; McConnell et
al., 2007; Shaw, 1995; Stohl et al., 2006, 2007). Increases in
biomass burning aerosols could have a large effect on cloud
dynamics (Earle et al., 2011; Jouan et al., 2012; Lance et al.,
2011; Lindsey and Fromm, 2008; Rosenfeld et al., 2007; Ti-
etze et al., 2011); in turn, smoke-derived changes to cloud
microphysics may result in changes to precipitation and re-
gional heating that are strong enough to affect dwindling re-
gional sea ice (Kay et al., 2008; Kay and Gettelman, 2009;
Lubin and Vogelmann, 2006; Vavrus et al., 2010).
However, the interactions between smoke particles and

Arctic clouds are poorly quantified, in part due to the con-
founding effects of meteorology and surface conditions (e.g.,
Earle et al., 2011; Jackson et al., 2012; Jouan et al., 2012),
and in part due to satellite sampling constraints over the Arc-
tic, such as caused by the presence of many low contrast re-
gions, multi-layer clouds (Intrieri et al., 2002), and reduced
sunlight. One common way in which aerosol–cloud interac-
tions (ACIs) are quantified is by assessing how a cloud prop-
erty changes relative to some aerosol tracer or, in this case,
biomass burning aerosol tracer (BBt). Following Eq. (1), ACI
estimates for a given location can be derived from aircraft
measurements of cloud droplet number, Nliq; they can also
be derived from ground-based or remote sensing retrievals of
changes in cloud properties such as droplet effective radius
(re) or cloud optical depth (⌧ ) at constant liquid water path
(LWP) (Feingold et al., 2001; McComiskey et al., 2009):

ACI = 1
3
dlnNliq

d lnBBt
= � @ lnre

@ lnBBt

����
LWP

= @ ln⌧

@ lnBBt

����
LWP

. (1)

The ACI term as defined by Eq. (1) was originally de-
scribed as the “indirect effect” (IE) (Feingold et al., 2001,
2003). Here, similarly to McComiskey et al. (2009), we use
“ACI” instead of “IE” to differentiate the fact that the met-
ric in Eq. (1) is more directly associated with aerosol-driven
changes to cloud microphysical responses than with radiative
forcing.
The maximum value of ACIs as derived from Eq. (1) is

0.33. An ACI value of 0.33 corresponds with the 1.0 max-
imum possible change in lnNliq relative to lnBBt, which
would occur if every aerosol were to nucleate a cloud droplet.
The first term of Eq. (1) is divided by 3 in order to cor-

respond with the last two terms, which are derived at con-
stant LWP from the following theoretical relationships: re↵
LWP/⌧ (Stephens, 1978) and ⌧↵N

1/3
liq (Twomey, 1977). Note

that although each term in Eq. (1) should equal each other’s
term, in practice, measurement-derived biases can cause ap-
parent differences between the terms. This issue will be dis-
cussed further in later sections.
One study convincingly demonstrated that smoke reduces

cloud droplet effective radius and enhances cloud albedo in
Arctic liquid clouds (Tietze et al., 2011). In that study, mod-
eled BBt concentrations were combined with remote sensing
of cloud properties, enabling the authors to reduce meteoro-
logical bias by basing their conclusions on tens of thousands
of clouds sampled over a variety of meteorological condi-
tions throughout the Arctic. Smoke ACI values derived from
relative changes in cloud re were estimated to be between
0.04 and 0.11 out of a maximum 0.33. (Note however that in
that study, clouds were binned by temperature and pressure,
rather than by LWP as in Eq. 1 above.)
However, despite being able to conclusively demonstrate a

smoke cloud albedo effect, Tietze et al. (2011) noted that they
might have underestimated the magnitude of satellite-derived
ACI values because of difficulties constraining aerosol con-
centrations and locations. They cite a study by Costantino
and Breón (2010), where it was demonstrated that not co-
locating aerosol–cloud layers in the vertical column dramat-
ically lowered ACI estimates from 0.24 to 0.04 over marine
stratocumulus clouds influenced by African biomass burn-
ing. This bias seems to be apparent in many ACI estimates
globally; from a literature search, McComiskey and Fein-
gold (2012) revealed that remote-sensing-derived ACI values
worldwide are lower than those derived from in situ, model-
ing, and/or ground-based studies. They also showed that in
addition to errors in the co-location of clouds and aerosols,
the comparatively low spatial resolution of remote sensing
observations can further enhance the low bias in ACI esti-
mates.
In the Arctic, these biases can be substantial. In a study in

northern Finland, ACI estimates derived over the same gen-
eral time period and location from both ground-based and
remote sensing methods were ⇠ 0.25 and 0.09± 0.04, re-
spectively (Lihavainen et al., 2010), a more than twofold dif-
ference. For reference, the range of Arctic remote-sensing-
derived ACI estimates for all aerosol sources is�0.01 to 0.09
(Lihavainen et al., 2010; Tietze et al., 2011); in situ, ground-
based, and model estimates range between 0.05 and 0.3 (Gar-
rett et al., 2004; Lihavainen et al., 2010; Zhao et al., 2012).
The degree of bias at other global sites has led McComiskey
and Feingold (2012) to assert that the albedo effect can only
be assessed accurately from aircraft or ground-based in situ
data.
To better understand the impacts that expected increases

in smoke will have on the Arctic, it is important to bet-
ter constrain remote sensing and model estimates of smoke-
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1 Introduction

The incidence of wildfires in the Arctic and subarctic is in-
creasing dramatically (Flannigan et al., 2009; Moritz et al.,
2012; Stocks et al., 1998), and in some areas, such as boreal
North America, it is expected to grow by 200–300% over the
next 50–100 years (Balshi et al., 2009). Already, periods of
intense wildfires can increase regional aerosol concentrations
in the Arctic twofold (Warneke et al., 2010), and the impact
of smoke is increasingly being recognized as a strong con-
tributor to Arctic haze (Hegg et al., 2009, 2010; McConnell et
al., 2007; Shaw, 1995; Stohl et al., 2006, 2007). Increases in
biomass burning aerosols could have a large effect on cloud
dynamics (Earle et al., 2011; Jouan et al., 2012; Lance et al.,
2011; Lindsey and Fromm, 2008; Rosenfeld et al., 2007; Ti-
etze et al., 2011); in turn, smoke-derived changes to cloud
microphysics may result in changes to precipitation and re-
gional heating that are strong enough to affect dwindling re-
gional sea ice (Kay et al., 2008; Kay and Gettelman, 2009;
Lubin and Vogelmann, 2006; Vavrus et al., 2010).
However, the interactions between smoke particles and

Arctic clouds are poorly quantified, in part due to the con-
founding effects of meteorology and surface conditions (e.g.,
Earle et al., 2011; Jackson et al., 2012; Jouan et al., 2012),
and in part due to satellite sampling constraints over the Arc-
tic, such as caused by the presence of many low contrast re-
gions, multi-layer clouds (Intrieri et al., 2002), and reduced
sunlight. One common way in which aerosol–cloud interac-
tions (ACIs) are quantified is by assessing how a cloud prop-
erty changes relative to some aerosol tracer or, in this case,
biomass burning aerosol tracer (BBt). Following Eq. (1), ACI
estimates for a given location can be derived from aircraft
measurements of cloud droplet number, Nliq; they can also
be derived from ground-based or remote sensing retrievals of
changes in cloud properties such as droplet effective radius
(re) or cloud optical depth (⌧ ) at constant liquid water path
(LWP) (Feingold et al., 2001; McComiskey et al., 2009):

ACI = 1
3
dlnNliq

d lnBBt
= � @ lnre

@ lnBBt

����
LWP

= @ ln⌧

@ lnBBt

����
LWP

. (1)

The ACI term as defined by Eq. (1) was originally de-
scribed as the “indirect effect” (IE) (Feingold et al., 2001,
2003). Here, similarly to McComiskey et al. (2009), we use
“ACI” instead of “IE” to differentiate the fact that the met-
ric in Eq. (1) is more directly associated with aerosol-driven
changes to cloud microphysical responses than with radiative
forcing.
The maximum value of ACIs as derived from Eq. (1) is

0.33. An ACI value of 0.33 corresponds with the 1.0 max-
imum possible change in lnNliq relative to lnBBt, which
would occur if every aerosol were to nucleate a cloud droplet.
The first term of Eq. (1) is divided by 3 in order to cor-

respond with the last two terms, which are derived at con-
stant LWP from the following theoretical relationships: re↵
LWP/⌧ (Stephens, 1978) and ⌧↵N

1/3
liq (Twomey, 1977). Note

that although each term in Eq. (1) should equal each other’s
term, in practice, measurement-derived biases can cause ap-
parent differences between the terms. This issue will be dis-
cussed further in later sections.
One study convincingly demonstrated that smoke reduces

cloud droplet effective radius and enhances cloud albedo in
Arctic liquid clouds (Tietze et al., 2011). In that study, mod-
eled BBt concentrations were combined with remote sensing
of cloud properties, enabling the authors to reduce meteoro-
logical bias by basing their conclusions on tens of thousands
of clouds sampled over a variety of meteorological condi-
tions throughout the Arctic. Smoke ACI values derived from
relative changes in cloud re were estimated to be between
0.04 and 0.11 out of a maximum 0.33. (Note however that in
that study, clouds were binned by temperature and pressure,
rather than by LWP as in Eq. 1 above.)
However, despite being able to conclusively demonstrate a

smoke cloud albedo effect, Tietze et al. (2011) noted that they
might have underestimated the magnitude of satellite-derived
ACI values because of difficulties constraining aerosol con-
centrations and locations. They cite a study by Costantino
and Breón (2010), where it was demonstrated that not co-
locating aerosol–cloud layers in the vertical column dramat-
ically lowered ACI estimates from 0.24 to 0.04 over marine
stratocumulus clouds influenced by African biomass burn-
ing. This bias seems to be apparent in many ACI estimates
globally; from a literature search, McComiskey and Fein-
gold (2012) revealed that remote-sensing-derived ACI values
worldwide are lower than those derived from in situ, model-
ing, and/or ground-based studies. They also showed that in
addition to errors in the co-location of clouds and aerosols,
the comparatively low spatial resolution of remote sensing
observations can further enhance the low bias in ACI esti-
mates.
In the Arctic, these biases can be substantial. In a study in

northern Finland, ACI estimates derived over the same gen-
eral time period and location from both ground-based and
remote sensing methods were ⇠ 0.25 and 0.09± 0.04, re-
spectively (Lihavainen et al., 2010), a more than twofold dif-
ference. For reference, the range of Arctic remote-sensing-
derived ACI estimates for all aerosol sources is�0.01 to 0.09
(Lihavainen et al., 2010; Tietze et al., 2011); in situ, ground-
based, and model estimates range between 0.05 and 0.3 (Gar-
rett et al., 2004; Lihavainen et al., 2010; Zhao et al., 2012).
The degree of bias at other global sites has led McComiskey
and Feingold (2012) to assert that the albedo effect can only
be assessed accurately from aircraft or ground-based in situ
data.
To better understand the impacts that expected increases

in smoke will have on the Arctic, it is important to bet-
ter constrain remote sensing and model estimates of smoke-
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