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Abstract

Arctic summer sea ice has decreased dramatically over the last few decades, with a substantial part of this decline attributed

to internal variability. However, models show large differences in their simulated internal variability, increasing projection

uncertainty and complications with model-observation comparisons. Here we will present results that aim to quantify the

contribution of internal variability in different models which provide large ensemble simulations, and compare them with

estimates from observations. In particular, we are comparing five models from the CLIVAR multi-model large ensemble

(CanESM2, CESM1, CSIRO MK36, GFDL ESM2M, and MPI ESM1) with observations. So far, we have found a large range

in simulated pan-Arctic sea ice area standard deviation from 0.35 million km2 (CSIRO MK36) to 0.74 million km2 (CESM1)

for mean September areas between 4.00-4.25 million km2. Spatially, the detrended standard deviation in the central Arctic is

consistently over-represented in models compared to observations. Conversely, the marginal seas are simulated to have slightly

below to several times below observed detrended standard deviation. Further analysis on a more regional scale will be done

over the coming months to further characterize the realism of simulated internal variability in Arctic sea ice.
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1) Objective 

• The observed decline in September sea ice is faster than 
most CMIP5 models, but if internal variability is 
considered, the rate of decline between the two are not 
inconsistent (Swart et al., 2015). 

• Internal variability varies considerably between CMIP5 
models (Olonscheck & Notz, 2017), but with only one 
realization of reality it is difficult to assess the accuracy of 
models’ simulated internal variability. 

• We use ensembles from the Multi-model Large Ensemble 
Archive (Deser et al., 2020), shown in figure 1, and a 
synthetic ensemble of observations to answer the 
question:

Is internal variability accurately 
represented in CMIP5 models’ 

September sea ice area?
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3) Results

• Models typically have a resampled standard deviation 
15% higher than resampled observations (Fig 3, Table 1 
rows I, V). 

• All models except CSIRO have at least one member with 
standard deviations larger and smaller than resampled 
observations (not shown here).

• Large ensemble standard deviation (across non-
resampled members) is approximately 69% larger than 
individual members’ resampled standard deviations 
(Table 1 rows II and VI). 

• Changing the period of observation minimally changes 
the results (Table 1 column H). 

2) Methods

Data sets
• Observations: NSIDC Sea Ice Index Version 3 (Fetterer et 

al., 2017).

• CMIP5 LEs: CLIVAR Multi-Model Large Ensemble Archive 
(Deser et al., 2020). RCP8.5 runs: CanESM2, CESM1, CSIRO 
MK36, GFDL ESM2M, and MPI ESM1.

• Time period: September sea ice area, 1979-2020 for 
equivalent forcing, also the 41-year period with mean sea 
ice area equal to observations (figure 1a). 

Resampling to assess internal variability
• Forced response is assumed to be the linear trend, 

internal variability is the anomalies of the detrended 
timeseries.

• 1000 equally possible scenarios are created by resampling 
anomalies from observations and ensemble members, 
following McKinnon et al. (2017; 2018). Figure 2a shows 
the spread of the gradient of resampled observations.

• The standard deviation of the 1000 simulations is one 
possible metric of internal variability, as is the standard 
deviation of non-resampled large ensemble members. 

4) Conclusions

1. Resampled CMIP5 large ensembles have average 
standard deviations ~15% higher than resampled 
observations for September. However, excluding 
CSIRO, observations are consistent with the range of 
standard deviations captured by ensembles.

2. Large ensemble standard deviation is approximately 
double that of resampled observations. This implies 
only a portion of internal variability is captured by the 
resampling technique. 

3. Ratios of internal variability are robust for near-
contemporary Pan-Arctic areas.  Conclusions 1 and 2 
are not highly dependent on the mean sea ice area. 

Resampling indicates the internal 
variability of selected CMIP5 models is 

not inconsistent with observations

Contact information
• chriswp.com
• chwy8767+AGU@colorado.edu
• OrchiD
• LinkedIn

Funding:
NSF award #1847398

References
• Fetterer, F., K. Knowles, W. N. Meier, M. Savoie, and A. K. Windnagel (2017) Sea Ice Index, Version 3. Boulder, Colorado 

USA. NSIDC: National Snow and Ice Data Center. doi: https://doi.org/10.7265/N5K072F8. [2020-10-25].
• Deser, C., Lehner, F., Rodgers, K. B., Ault, T., Delworth, T. L., DiNezio, P. N., Fiore, A., Frankignoul, C., Fyfe, J. C., Horton, 

D. E., Kay, J. E., Knutti, R., Lovenduski, N. S., Marotzke, J., McKinnon, K. A., Minobe, S., Randerson, J., Screen, J. A., 
Simpson, I. R., & Ting, M. (2020). Insights from Earth system model initial-condition large ensembles and future 
prospects. Nature Climate Change, 10(4), 277–286. https://doi.org/10.1038/s41558-020-0731-2.

• Mckinnon, K. A., Poppick, A., Dunn-Sigouin, E., & Deser, C. (2017). An “observational large ensemble” to compare 
observed and modeled temperature trend uncertainty due to internal variability. Journal of Climate, 30(19), 7585–
7598. https://doi.org/10.1175/JCLI-D-16-0905.1.

• McKinnon, K. A., & Deser, C. (2018). Internal variability and regional climate trends in an observational large ensemble. 
Journal of Climate, 31(17), 6783–6802. https://doi.org/10.1175/JCLI-D-17-0901.1

• Olonscheck, D., and D. Notz (2017) Consistently Estimating Internal Climate Variability from Climate Model Simulations. 
J. Climate, 30, 9555–9573, https://doi.org/10.1175/JCLI-D-16-0428.1.

• Swart, N. C., Fyfe, J. C., Hawkins, E., Kay, J. E., & Jahn, A. (2015) Influence of internal variability on Arctic sea-ice trends. 
Nature Climate Change, 5(2), 86–89. https://doi.org/10.1038/nclimate2483.

Figure 1. September sea ice area in five CMIP5 large ensembles (1950-2100) with RCP 
8.5 forcing, as per legend. Observations in red. Thick lines are ensemble means, lighter 
shading indicates ±1 standard deviation. Bold lines with caps indicate the 41-year period 
when the ensemble mean has the same mean state as observations for 1979-2020. 

Figure 3. Normal distributions of the gradients of September sea ice area. Red: resampled 
observations, grey: non-resampled ensemble members, colored as per legend: mean 
resampled ensemble member.

Table 1. Ratio of standard deviations of sea ice area gradients for the following: average resampled ensemble member (Mean 
Mem Resamp) resampled observations (NSIDC Resamp), non-resampled large ensemble members (Non-resamp Mem). 

Figure 2. Gradients of the 1000 resampled observations of September sea ice area. 
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