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Abstract
An ice-free Arctic summer is a landmark of global change and has the far-reaching climate,
environmental, and economic impacts. However, the Coupled Model Intercomparison Project
Phase 6 models’ projected occurrence remains notoriously uncertain. Finding emergent
constraints to reduce the projection uncertainties has been a foremost challenge. To establish a
physical basis for the constraints, we first demonstrate, with numerical experiments, that the
observed trend of Arctic ice loss is primarily driven by the Arctic near-surface air temperature.
Thus, two constraints are proposed: the Arctic sea ice sensitivity that measures Arctic sea ice
response to the local warming, and the Arctic amplification sensitivity that assesses how well the
model responds to anthropogenic forcing and allocates heat to the Arctic region. The two
constraints are complementary and nearly scenario-independent. The model-projected first Arctic
ice-free year significantly depends on the model’s two climate sensitivities. Thus, the first Arctic
ice-free year can be predicted by the linear combination of the two Arctic sensitivity measures.
Based on model-simulated sensitivity skills, 20 CMIP models are divided into two equal number
groups. The ten realistic-sensitivity models project, with a likelihood of 80%, the ice-free Arctic
will occur by additional 0.8 ◦C global warming from 2019 level or before 2040 under the SSP2-4.5
(medium emission) scenario. The ten realistic-sensitivity models’ spread is reduced by about 70%
compared to the ten underestimate-sensitivity models’ large spread. The strategy for creating
physics-based emergent constraints through numerical experiments may be instrumental for broad
application to other fields for advancing robust projection and understanding uncertainty sources.

1. Introduction

An ice-free Arctic summer is the most iconic symbol
of global warming. Arctic sea ice extent (SIE), defined
as the area where the ice concentration is higher
than 15% in a given area, shows a drastic decline in
September since the late 1970s (Comiso et al 2008,
Cavalieri and Parkinson 2012), reaching a historical
record low on 16 September 2012 (3.41 million km2)
(Liu et al 2013) and the second-lowest minimum in

2020 (Gautier 2020). How soon the summer Arc-
tic will become ice-free is a keen societal concern
as the ice-free Arctic may have remarkable impacts
on the Arctic environment, marine ecosystem, and
maritime activities. Meanwhile, it may create enorm-
ous economic risks and opportunities (Smith and
Stephenson 2013, He andHu 2018). The ice-free Arc-
tic may also affect the extreme weather and climate
in lower latitudes (Overland et al 2011, Francis and
Vavrus 2012, Cohen et al 2019).
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The climate/earth system models’ projected
occurrence of the first Arctic ice-free summer, how-
ever, has remained notoriously uncertain in the past
two decades. The most recent Coupled Model Inter-
comparison Project Phase 6 (CMIP6) models projec-
ted the ice-free Arctic could occur as early as 2015 and
as late as far beyond 2100 (Notz et al 2020). There-
fore, constraining and selecting models to reduce the
uncertainty arising frommodel physics and emission
scenarios have been a foremost challenge in predict-
ing the future change of sea ice.

The model selection has been based on the qual-
ity of the simulated sea ice climatology (mean and
seasonal cycle) and the trend of Arctic September
SIE (Wang and Overland 2009, 2012, Stroeve et al
2012, Liu et al 2013, Snape and Forster 2014). These
selections involved extrapolation (Wang and Over-
land 2009, 2012) and calibration (Snape and Forster
2014) based on observed trends. Thus, the projections
vary with the calibration periods because observed
trends are affected by internal variability (Kay et al
2011).

An effective way to reduce the uncertainties is
to develop emergent constraints by finding links
between the inter-model spread in an observable
predictor and climate projections (Brient 2020).
Examples are the Arctic September sea ice area (SIA)
sensitivity to a given amount of global warming
(Mahlstein and Knutti 2012, Stroeve and Notz 2015,
Gregory et al 2002) and/or to a given amount of
accumulative anthropogenic CO2 emission (Herring-
ton and Zickfeld 2014, Notz and Stroeve 2016, Notz
2020). These sensitivity constraints measure mod-
els’ fidelity in reproducing the local Arctic SIA’s
response to global external forcing. Nevertheless,
any local response is driven by atmospheric circu-
lation and varies from place to place, even under
the same external global forcing. Besides, the Arc-
tic sensitivities to the worldwide emission of CO2

and global warming are highly related; most models
cannot capture these sensitivities realistically, mak-
ing selecting models intricate (Notz 2020). Recently,
Massonnet et al (2018) showed that the seasonal sea
ice melting and growth efficiency, and hence SIA
and volume, strongly depend on the background
thickness. Ideally, an observational constraint on the
simulated volume projections might be desirable.
Unfortunately, as they pointed out, the lack of long-
term and reliable sea-ice volume observations makes
it impossible to reduce the spread in the projec-
ted Arctic sea-ice volume loss significantly. Thack-
eray and Hall (2019) used models-simulated sea-
sonal variations of sea ice-albedo feedback (SIAF)
as an emergent constraint. Although the seasonal
SIAF is correlated with future change SIAF, this
relationship can only apply to the near future pro-
jection and is sensitive to the historical sea ice
thickness.

The primary science question to be addressed
here is how to develop physics-based emergent con-
straints independent of scenarios and complementary
to each other so that the projected uncertainties could
be effectively reduced. We consider it crucial to jus-
tify the physical basis for the proposed constraints.
For this purpose, we first conducted a suite of numer-
ical experiments to demonstrate that the Arctic near-
surface air temperature is the primary driver for the
observed trend of Arctic ice loss. As such, a reli-
able model should reproduce a realistic Arctic sea
ice response to the local warming and redistribute
an adequate amount of heat to the Arctic region
in response to anthropogenic forcing-induced global
warming. The physical reasoning here leads to two
complementary emergent constraints. We then show
they are scenario-independent and could significantly
reduce the projected uncertainties due tomodel phys-
ics. In contrast to previous efforts, this new approach
emphasizes the physical consideration for seeking
independent constraints that place Arctic sea ice loss
in the context of global-scale temperature variability.

2. Data andmethod

The word ‘ice-free’ has been quantitatively defined by
the Arctic SIE being less than 1.0 million km2 (Wang
and Overland 2009, 2012, Liu et al 2013). The ‘ice-
free’ is recently defined by the Arctic SIA being less
than 1.0 million km2 (Snape et al 2014, Notz 2020).
The SIA is the sum of the pixel area multiplied by
sea ice concentration across all sea ice grids with a
fraction greater than 15%. The SIA better reflects the
Arctic ice albedo and ice concentration (Snape and
Forster 2014). In this study, we adopt the SIA cri-
terion for ‘ice-free’. However, we also conduct paral-
lel computation using the SIE criterion to compare
with published works that used SIE as a criterion.
We find a significant relationship between the SIE
and SIA in observation and in models, namely, the
Arctic September SIA is about 1 million km2 smal-
ler than the corresponding SIE (see supplementary
material (available online at stacks.iop.org/ERL/16/
094016/mmedia)). Thus, the first Arctic ice-free year
depends on the definition of ‘ice-free’.

2.1. Data
We used the National Snow and Ice Data Centre
sea ice index, which is derived by using meas-
urements from the Special Sensor Microwave/Im-
ager sensors on the Defence Meteorological Satellite
Program-F8, -F11, and -F13 satellites. The dataset
is generated using the Advanced Microwave Scan-
ning Radiometer-Earth Observing System Bootstrap
Algorithmwith daily varying tie-points fromNovem-
ber 1978 through December 2018. The Northern
Hemisphere sea ice concentration data (version 3.1,
update in 2018) is mapped to a standard rectangular
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grid overlaid on a north polar stereographic projec-
tion with a grid size of 25 × 25 km (Comiso 2017).
Due to the satellite orbit inclination, there is a central
Arctic hole in the raw data. To keep the data’s consist-
ency, we patched the holes using the average value of
the northernmost latitude. Then, the monthly SIA is
calculated based on sea ice concentration.

The 2 m near-surface air temperature is also
used to diagnose theArctic temperature amplification
ratio and the sea ice sensitivity to Arctic warming. To
reduce the uncertainty in the monthly mean 2 m air
temperature over the Arctic, we used the ensemble
mean of two reanalysis datasets: the fifth generation
European Centre for Medium-Range Weather Fore-
casts (ECMWF) reanalysis data (ERA-5) with 1◦ res-
olution from the ECMWF (Hersbach et al 2019) and
the National Centres for Environmental Prediction
(NCEP-II) datasets with 2.5◦ resolution (Kanamitsu
et al 2002). The period of 1979–2014 is chosen as
the evaluation period as it overlaps with the satellite
observation period, and 2014 is the last year of the
models’ historical simulation period.

2.2. CMIP6models
We analyze 20 CMIP6 models on the Earth System
Grid Federation. It is desirable to include more mod-
els to estimate the range of uncertainty. However,
to examine the scenario dependence of the proposed
constraints, we used only 20 models that contain
four-scenario projections. The SSP2-4.5 and SSP5-
8.5 scenario represents a medium and high radiat-
ive forcing of 4.5 and 8.5 W m−2 in 2100 relative to
the pre-industrial levels. These two scenarios can be
comparable with RCP-4.5 and RCP-8.5 for CMIP5,
respectively. Another two scenarios of SSP1-2.6 and
SSP3-7.0 are also used to test the sea ice sensitivity.
Among these 20 models, most models provide more
than one realization. Therefore, we used asmany real-
izations as possible to reduce the effect of internal
variability.

2.3. The sea ice model
The sea ice model used to perform the experiments
in this study is the Los Alamos sea ice model (CICE5)
(Hunke et al 2017) with a horizontal resolution of
(320 × 384) and seven vertical levels of sea ice (sup-
plementary information). Since an identical initial
state of sea ice is crucial for this study, we firstly
perform a 200 year run with the fixed 1979 year
atmospheric and oceanic transient forcing to spin
up the ocean and get a steady-state. We take the
mean value of the last 50 years as an initial condi-
tion for all control and sensitivity experiments. Then,
a 40 year control (CTRL) simulation is performed
with the observed time-varying atmospheric (every
6 h) and oceanic (every month) forcing from 1979 to
2018.

3. Result

3.1. Physical consideration for the new Arctic
climate sensitivity constraints
Weargue that T2m inMay–June–July–August (MJJA)
can control the variability of September Sea ice
by shaping downward longwave radiation (DLR) in
summer. The DLR is a key term to determine Net
radiation, Qnet, and sea ice changes in the melting
season. Figure 1(a) shows that the T2m, DLR, and
Qnet co-very well with the September SIA over the
period, with the trends either removed or retained.
DLR is also highly sensitive to T2m (r = 0.88), as we
expect based on the empirical formula used in CICE5
(Idso and Jackson, 1969). In particular, DLR has the
strongest correlation with Qnet and the largest mean
value (about 286 W m−2) and standard deviation
in summer, compared with the other five fluxes at
the surface, suggesting its key role in bridging atmo-
spheric forcing (reflected by T2m here) to sea ice. The
DLR is primarily determined by the t2m, though the
cloud plays a minor role. As far as we know, this res-
ult is not explicitly discussed in previous studies (e.g.
Ding et al 2017, Olonscheck et al 2019).

To support the hypothesis mentioned above, we
conducted a suite of numerical experiments with
the CICE5 model (see supplementary information).
The model’s control run with the observed time-
varying atmospheric and oceanic forcing from 1979
to 2018 can capture the declining trend, and year-
to-year variations of the observed September Arc-
tic SIA except for an overestimate in the beginning
years (figure 1(b)). In the T2m-only experiment, the
time-varying 2 m air temperature is applied, while
the linear trends of all other forcing variables are
removed. The model can generally reproduce the
declining trend and variability of the September Arc-
tic SIA, suggesting the essential role of the 2 m air
temperature (figure 1(b)). In the T2m-detrend exper-
iment, the linear trend for 2 m air temperature is
removed, but all other atmospheric forcing variables
are kept the same as in the control run. The SIA
declining trend, in this case, is substantially reduced,
suggesting that the other time-varying atmospheric
forcings together play a minor role in generating the
declining trend. Seven additional sensitivity experi-
ments are performed to identify the impacts of each
atmospheric forcing. The results from seven addi-
tional experiments that identify the role of each atmo-
spheric forcing variable confirm that the 2 m air
temperature and temperature-related moisture vari-
ability contribute the most to the September SIA’s
declining trend, while other atmospheric forcing-
induced trends are an order of magnitude smaller
(supplementary figure 1). Further experiment result
suggests that the role of ocean forcing is insignificant
in the simulation of the SIA trends (supplementary
information). The experimental results reveal that the
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Figure 1. (a) Time series (standardized) of domain average of September SIA, MJJA T2m, DLR, and net radiation (Qnet) over the
Arctic Ocean derived from observation. The value in the bracket shows the correlation of each heat flux with SIA. (b) Numerical
experiment results showing the dominant role of the Arctic surface air temperature in driving SIA variability. September SIA
obtained from observation (solid black curve), control run (solid blue curve), 2 m air temperature only experiment (solid red
curve), and 2 m air temperature detrend experiment (dashed red curve). The dashed black line shows the observed September
mean SIA during 1979–2018.

Arctic atmospheric surface temperature change plays
a dominant role in generating the recent trend and
variability of the September Arctic SIA.

3.2. Two complementary Arctic climate sensitivity
constraints
Considering that Arctic near-surface air temperat-
ure is a primary driver for the observed Arctic SIA
variability, a reliable model should reproduce cor-
rectly Arctic SIA sensitivity defined by the simulated
declining rate of the September Arctic SIA to given
one degree Celsius of summer Arctic mean surface
temperature (AMST). The summer here means MJJA
because the maximum sea ice melting rate occurs in
June and July (supplementary figure 2). The model
physics-dependent Arctic SIA sensitivity is estimated
by the least-square regression between the MJJA Arc-
tic mean 2 m air temperature and September Arctic
SIA using historical experiment data for 1979–2014
(supplementary figure 3). The correlations between
them are generally significant at the 95% confidence
level in most CMIP6 models, which corroborates the
linear relationship between SIA decline and temper-
ature increase found byMahlstein and Knutti (2012).

Arctic warming is linked to global warming. The
warming outside of the Arctic can influence the
Arctic region through atmospheric teleconnections
(Grunseich and Wang 2016a, 2016b) and north-
ward heat transports via atmospheric and oceanic
processes and through triggering local processes
and feedbacks (sea ice-albedo-temperature feedback,
changes in cloud cover, water vapor, temperature’s
lapse rate, and heat-absorbing aerosols in snow)
further amplifying the Arctic warming (the Arctic

amplification) (Curry et al 1995, Serreze and Fran-
cis 2006, Graversen et al 2008, Shindell and Faluvegi
2009, Döscher et al 2014). Thus, a reliable projection
model is expected to reproduce a realistic summer
AMST response to a given amount of global warming
(Arctic amplification ratio). Therefore, we defineArc-
tic temperature sensitivity by the simulated summer
AMST to given one degree Celsius of summer global
mean surface temperature (GMST). Arctic temperat-
ure sensitivity is estimated by the regressions between
the simulatedMJJAAMST and observedMJJAGMST
from 1979 to 2014 (supplementary figure 3). Note
that the trends of summer GMST are nearly the same
as that of annual mean GMST. Here we take global
warming as a proxy of the anthropogenic radiative
forcing as the GMST is a crucial indicator of global
change, and it better reflects the global impacts of the
anthropogenic forcing (Notz 2020).

The September Arctic SIA sensitivity assesses how
the sea ice model captures the sea ice melting to
the local atmospheric forcing, evaluating how well
a sea ice model is. The Arctic summer temperat-
ure sensitivity assesses how good the model responds
to anthropogenic forcing and how well the model’s
dynamic processes allocate heat to the Arctic region.
Together, they assess the models’ fidelity in the sim-
ulated response of the September Arctic SIA to the
observed global warming.

For any proposed constraints, scenario independ-
ence is a desirable property as it could minimize
the uncertainty arising from the assumed scenarios.
Although previous studies have shown the projec-
ted first ice-free Arctic is scenario-independent (e.g.
Jahn 2018, Sigmond et al 2018, Notz 2020). It is
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Figure 2. Scenario-independent Arctic climate sensitivity constraints. (a) September SIA sensitivity to summer (MJJA) AMST, for
observation, historical experiment, SSP1-2.6, SSP2-4.5, SSP3-7.0, and SSP5-8.5 scenarios, respectively. The box plot shows the
uncertainty measured by the inter-model spread. The upper (lower) edge of the box represents the 83rd (17th) percentile, so the
box contains 66% of the model projection data and represents the ‘likely’ range. The horizontal line within the box is the mean
value. The vertical dash line segments represent the ‘very likely’ range from 5% to 95%. (b) The same as in (a) except for the
sensitivity of summer (MJJA) AMST to the summer GMST. For historical simulation, observed GMST is used. For projection, the
model projected GMST is used.

unknown whether the proposed sensitivity meas-
ures vary with emission scenarios. Figure 2(a) com-
pares the SIA sensitivities derived from observations
and each model in their historical simulations and
future projections. From 1979 to 2014, the observed
Arctic SIA sensitivity is 2.16 million km2 ◦C−1.
The models-simulated mean Arctic SIA sensitivity
(1.88 million km2 ◦C−1) is 12.9% lower. Under the
four different CMIP6 scenarios, the Arctic SIA sens-
itivities projected by the 20-models’ ensemble aver-
ages are almost the same (∼2.23 million km2 ◦C−1)
(figure 2(a)), indicating that the projected SIA climate
sensitivity is nearly scenario-independent. This asser-
tion is supported by the high correlation in the SIA
sensitivity between the SSP2-4.5 and SSP5-8.5 runs
(supplementary figure 4(a)), confirming that the SIA
sensitivity does not appreciably vary with the emis-
sion scenarios. The projected sensitivity tends to be
higher than those in historical simulations because
the volcano forcing used in the historical run might
reduce Arctic warming (Rosenblum and Eisenman
2016) and because ice-albedo feedback, higher Arc-
tic temperatures, and thinning ice pack in the future
could accelerate the decline rate (Stroeve et al 2011).

Similar to the Arctic SIA sensitivity, the models-
simulated mean Arctic temperature sensitivity (1.54)
is about 26.1% lower than the observed (figure 2(b)).
In future projections, the 20-model averaged Arctic

temperature sensitivity under the four different
CMIP6 scenarios is also nearly invariant (∼1.17). The
future projected amplification ratio is close to the
models’ simulated amplification ratio during 1979–
2014 (1.29). However, it is significantly lower than
the Arctic temperature sensitivity during 1979–2014
(1.54) because the 1979–2014 Arctic temperature
sensitivity is calculated based on the observed global
mean t2m, whereas in the future scenario, it is cal-
culated using the model projected global mean t2m,
which represents the Arctic amplification ratio that is
determined by the models’ internal variability only.
The higher sensitivity during 1979–2014 is due to the
observed global mean temperature is lower than the
model-simulated counterpart.

In addition to scenario-independent, the two
sensitivity constraints are independent of each other,
as evidence by their correlation coefficient of 0.06,
adding strength to their combined use.

3.3. Future projection of the first Arctic ice-free
year
The inter-model spread in 20 CMIP6 models-
projected first ice-free Arctic year ranges from 2019
to far beyond 2100 with a mean of 2068 under the
medium emission (SSP2-4.5) scenario (figure 3). We
use the Arctic SIA sensitivity and Arctic temperature
sensitivity as two criteria to select credible models
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Figure 3. CMIP6 models’ projections of the first Arctic ice-free years. (a) The first ice-free year projected by 20 individual
CMIP6 models, the 20-model ensemble mean, and the ensemble means of the ten realistic-sensitivity models and ten
underestimated-sensitivity models, respectively, under the SSP2-4.5 (blue or light blue colour) and the SSP5-8.5 (red or brown
colour) scenarios. (b) and (c) Time-series of the simulated (1979–2014) and projected (2015–2100) September SIA by 20
individual CMIP6 models under the (b) SSP2-4.5 scenario and (c) SSP5-8.5 scenario. The thick black curve is the observation;
the thick red curve is the 20 models’ multi-model ensemble mean. The thick brown and blue curves are MME of ten
realistic-sensitivity models and ten underestimated-sensitivity models, respectively. The shading region shows the uncertainty of
each group (defined as one standard deviation of inter-model spread). Five-year running mean has been applied to the data.

to reduce the uncertainty. We first selected models
having the best match to the observed sensitivities,
resulting in seven models (figure 4(a)). To facilitate
comparison, we have used the projected last 30 year
trend to extrapolate its occurrence for the cases where
the projected year is beyond 2100. The seven models’
ensemble projects the averaged first ice-free year in
2036 under the SSP2-4.5 scenario with one stand-
ard deviation of the model spread of 14 years that is
one-third of the 20 models’ spread (43 years).

One may argue that the reduced uncertainty is
due to the uneven numbers of models under com-
parison. For a fairer comparison, we divide 20 mod-
els into two equal number groups. This division is
made by the dashed red line in figure 4(a), which
crosses the models’ ensemble mean sensitivity and

perpendicular to the segment connecting the mod-
els’ ensemble mean (red dot) and observation (black
dot). The division yields an above-average (right of
the red line) and a below-average (left of the red line)
group with ten models in each. Since the observation
is located to the right of the red line, the ten above-
average models are referred to as ‘realistic-sensitivity’
models, while the ten below-averagemodels are called
‘underestimated-sensitivity’ models. The ten realistic
models are marked by red color in the legend.

Figure 4(b) shows that the ten realistic-sensitivity
models project a mean first ice-free year in 2036
(2032) with one standard deviation of the inter-
model spread of 14 (10) years and the range of
spread of 2019–2064 (2018–2051) under the SSP2-4.5
(SSP5-8.5) scenario. This result is nearly the same as

6



Environ. Res. Lett. 16 (2021) 094016 B Wang et al

Figure 4. Comparison of the projections made by realistic-sensitivity and underestimated-sensitivity models. (a) Evaluation of
SIA performance in each CMIP6 model by two metrics. The abscissa is the Arctic warming sensitivity defined by the simulated
summer (MJJA) AMST to one-degree Celsius observed summer GMST. The ordinate is September Arctic SIA sensitivity to
one-degree Celsius Arctic warming. The black and red dots denote observed and 20 models’ MME, respectively. The seven models
within the red circle are the best performing models. The ten models to the right of the red dashed line denote realistic-sensitivity
models (names marked by red in the legend), while the ten models to the left of the dashed line are underestimated-sensitivity
models (marked by blue in the legend). (b) The first Arctic ice-free year projected under SSP2-4.5 (left) and SSP5-8.5 (right)
scenarios. The two box plots compare the ten realistic-sensitivity models and ten underestimated-sensitivity models’ projection
for each scenario.

the seven best model’s ensemble projections. In con-
trast, the ten underestimated-sensitivity models pro-
ject an averaged first ice-free year in 2085 (2060) with
one standard deviation of the spread of 48 (23) years
and the full range of spread of 2036–2172 (2035–
2101) under the SSP2-4.5 (SSP5-8.5) scenario. Thus,
the standard deviation of the ten realistic models’
spread reduces to about 30% of the ten underestimate
models’ counterparts under the SSP2-4.5 scenario.

Different constraints used in the previous stud-
ies are compared with ours in terms of the inter-
model spread. These constraints include (a) the sim-
ulated mean September SIA/extent (Wang and Over-
land 2009, 2012, Stroeve et al 2012, Massonnet et al
2018; Liu et al 2013), (b) the linear trend of Septem-
ber SIA (Liu et al 2013, Massonnet et al 2018), (c)
the September Sea ice sensitivity to a given one-
degree global mean surface air temperature increase
(Notz et al 2020). We selected the top ten models
from the same 20 CMIP6 models based on each con-
straint for a fair comparison. The results show that the
standard deviations (ranges) of the intermodal spread
under the SSP2-4.5 scenario are 38 years (2024–
2158), 20 years (2021–2085), and 19 years (2019–
2085) for the above-mentioned constraints (a), (b),
and (c), respectively. Thus, for the same number of

selected best models, the ice-free year of MME based
on the constraints proposed in this study shows the
smallest intermodal spread and uncertainty range.

The inter-model spread analysis unravels that the
model-projected first Arctic ice-free year critically
depends on the model’s two climate sensitivity meas-
ures (figure 5). Under the SSP5-8.5 scenario, the
models-projected first Arctic ice-free years are signi-
ficantly correlated with the observed September Arc-
tic SIA sensitivity (r = −0.62, p < 0.05) and the
summer Arctic temperature sensitivity (r = −0.44,
p < 0.05), respectively (figure 5). Therefore, the
models’ projected ice-free years can be estimated
by the complex regression of the two models’
Arctic sensitivities with a correlation skill of 0.73
(p < 0.01):

First ice-free year

= 2047—16.9(SIAsensitivity—1.9)

—12.8(Arctic warming sensitivity—1.5).

This approximate equation, with ten realistic
models’ mean sensitivity, yields the first ice-free year
of 2035, roughly consistent with the ten realistic
model’s ensemble mean projection.
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Figure 5. Relationship between the two sensitivity constraints and the projected first Arctic ice-free year under the SSP5-8.5
scenario: (a) September Arctic SIA sensitivity, and (b) Summer Arctic warming sensitivity. The black dashed line shows the
observed sensitivity. The red dashed line denotes the multi-model ensemble mean. The models located above the red line means
their sensitivities are comparable to the observed, so they are called realistic-sensitivity models. The models below the red line are
called underestimated-sensitivity models. The linear regression lines and corresponding correlation coefficients are also shown in
the panels (a) and (b). Panel (c) shows the scatter plot for the model projected ice-free year (abscissa) and the estimated ice-free
year (ordinate) based on the two constraints.

4. Conclusion and discussion

The two complementary emergent constraints pro-
posed here measure the models’ capability in sim-
ulating realistic Arctic sea ice response to the local
warming and the global atmospheric response to
anthropogenic forcing in allocating heat to the Arc-
tic region. The application of the two climate sens-
itivity constraints to CMIP6 models has resulted in
a substantial reduction of projection uncertainties.
The standard deviation of the ten realistic-sensitivity
models’ spread is reduced to about 30% of the ten
underestimate-sensitivity models’ counterparts. The
ten realistic-sensitivity models’ projections indicate
that under the SSP2-4.5 scenario, eight out of ten
models project that the Arctic ice-free year will occur

before 2040 (figure 4(b)). The corresponding projec-
ted GMST in 2040 is 0.8 ◦C higher than in 2019.
Similarly, under the SSP5-8.5 scenario, about 80%
of realistic-sensitivity models project the first ice-free
year before 2038 or about 0.8 ◦C above the 2019 level.
The consistent projection result means that the first
Arctic ice-free year’s chance to occur with 0.8 ◦C fur-
ther warmings is about 80%. This 0.8 ◦C additional
warming based on the 2019 level equals about 1.9 ◦C
from the pre-industrial level.

The sources of uncertainty primarily come
from the model physics, internal variability, and
the assumed emission scenarios. The scenario-
independent climate sensitivity can reduce uncer-
tainty originated from the emission pathway and
allow better focusing on reducing the uncertainties
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due to models’ representing the physical and biogeo-
chemical processes and the internal coupled variabil-
ity. The influence of internal variability on individual
observables cannot be reproduced by models, which
poses an intrinsic difficulty in searching for emergent
constraints solely based on observations. Notz (2015)
pointed out that the usefulness of a climate-model
simulation cannot be inferred solely from its degree
of agreement with observations. This is particularly
the case for the Arctic ice-free year that varies non-
linearly with time and contains considerable internal
variability. Also, the observation involves significant
uncertainty due to the quality and the limited num-
ber of years of the observations. Jahn et al (2016)
have performed large ensemble experiments with the
Community Earth System Model and shown that
internal variability alone can lead to a prediction
uncertainty of about two decades, while scenario
uncertainty could add at least another five years. At
this stage, all emergent constraints for estimating sea
ice decline using observations involve uncertainties
due to internal variability. There is an urgent need to
seek ways to reduce the impact of internal variabil-
ity on emergent constraints. Besides, large-ensemble
runs are needed to reduce the internal variability-
induced uncertainty (Murphy et al 2014, Sigmond
and Fyfe 2016).

The inter-model spread analysis suggests that the
projections’ uncertainties may arise from the mod-
els’ Arctic SIA sensitivity and Arctic warming sens-
itivities (figure 5). About half of CMIP6 models
underestimate the Arctic SIA sensitivity and Arctic
warming sensitivity (figure 4(a)). There is an urgent
need to simulate accurate Arctic sea ice response to
local surface temperature and the Arctic amplifica-
tion ratio. Since the reduction of multi-model projec-
tion uncertainties is a common demand in projecting
future changes, the proposed principle for estab-
lishing physics-based, complimentary emergent con-
straints through numerical experiments may provide
the application to other climate fields to reduce
projection uncertainty and understand uncertainty
sources.
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