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The influence of autumn Eurasian snow cover on the atmospheric dynamics anomalies during
the following winter is studied based on the INM RAS climate model data. The North Atlantic
Oscillation is the leading pattern that causes the weather and climate variability in the Northern
hemisphere. We evaluate the up-to-date model version (INMCMS5) ability of the autumn Eurasian
snow — winter NAO teleconnection simulation on different timescales. Maximum covariance analy-
sis (MCA) is used to find winter atmospheric signals that are significantly correlated with autumn
snow cover anomalies. Using MCA we conclude that Autumn Eurasian snow — winter NAO telecon-
nection is present in INMCMS5 experiments on pre-industrial and present-day climate simulation.
However, this method fails to show this phenomenon in experiments on a seasonal timescale. We
conduct additional experiments on a seasonal timescale to assess the sensitivity of North Atlantic
Oscillation index predictability to initial snow cover perturbations. These experiments demonstrate
the absence of direct autumn Eurasian snow impact on the NAO index.

Keywords: climate model, seasonal hindcasts, North Atlantic Oscillation, Furasian snow
cover, teleconnection.

Introduction

A leading pattern affecting winter weather and climate variability over Northern hemisphere
is the North Atlantic Oscillation (NAO) . The NAO is defined as the fluctuation of the
pressure gradient between the Stykkishélmur (Icelandic Low) and the Ponta Delgada (Azores
High). The North Atlantic Oscillation represents the redistribution of atmospheric mass between
the Arctic and the subtropical Atlantic. So the switch of the NAO phases is accompanied by large
changes in surface air temperature, winds, storminess, and precipitation over the Atlantic as well
as the adjacent continents. Thus the North Atlantic Oscillation typifies wintertime weather in
Northern hemisphere extratropics. That is why the NAO phase prediction on seasonal to decadal
timescales is an active goal for climate science centres .

Several observations-based studies suggest the Eurasian snow cover in autumn as
a source of predictability of the North Atlantic Oscillation in winter. The dynamical mechanism
linking autumn Eurasian snow cover to the following wintertime climate is described in .

Modelling experiments forced with prescribed observations-based Furasian snow cover
anomalies also reproduce this teleconnection . However, even CMIP5, as well as
CMIP3 Earth system models, cannot recover the autumn Eurasian snow — winter NAO rela-
tionship with internally-generated snow cover .

In this paper we evaluate the INM RAS climate model’s ability to simulate the autumn
Eurasian snow cover — winter North Atlantic Oscillation teleconnection on different time scales.
We also study the response of the model to initial snow cover perturbations.

The organization of this paper is as follows. Sectionprovides an overview of the INM RAS
climate model and the numerical experiments’ design. Sectiondescribes the calculation of the
North Atlantic Oscillation index and the simulated data processing methods. Section 3 discusses
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the results of simulating the teleconnection between Eurasian autumn snow and the following

winter NAO phase. Finally, the conclusions summarize the results.

1. Model and Data

For all simulations we use the climate model developed in the INM RAS. The model is
coupled, i. e., it consists of two global circulation ones: the atmosphere and the ocean models. The
atmosphere model performs the solution of the hydrothermodynamic equations with hydrostatic
approximation in advective form. The ocean model represents large scale hydrothermodynamic
equations with hydrostatic and Boussinesq approximations.

In the study we use the up-to-date version of the INM RAS climate model called IN-
MCM5 . The spatial resolution of its global atmosphere circulation model is 2° x 1.5° in
longitude and latitude and 73 in vertical o-levels. The stratosphere upper bound and its vertical
resolution are o = 0.0002 (about 60 km) and 500 m respectively. The interactive aerosol mod-
ule describing the concentration evolution of the 10 substances is included in the atmosphere
model. The ocean global circulation model has horizontal resolution of 0.5° x 0.25° in longitude
and latitude and 40 vertical o-levels. It includes dynamics and thermodynamics module for
the sea ice with the elastic-viscous-plastic rheology with a single gradation of thickness.

The atmosphere and the ocean global circulation models and the aerosol module are imple-
mented as independent distributed applications that exchange data using MPI (Message Passing
Interface) library when working in coupled mode.

The atmosphere global circulation model uses a semi-implicit discretization scheme that
requires solving an auxiliary Helmholtz-type equation each dynamical step. In the current ver-
sion a fast Fourier transform based algorithm is used which parallel implementation requires
global data transposing. The scaling ability of this operation was studied in . Different ap-
proaches that employ the multigrid method on massively-parallel architecture are shown to scale
better , but they require special hardware and are not used now.

The oceanic model step consists of several stages. The hardest stage of a step is the barotropic
adaptation because it requires solving a system of three implicitly discretized equations for the
velocity components and the ocean level. This system is solved iteratively using the PETSc
package for distributed computations .

The INMCMS5 is good in simulation of the present-day climate as well as its changes
in 1850-2014 . This version of the INM RAS climate model takes part in the Coupled Model
Intercomparison Project Phase 6 (CMIPG6). In this study we use data of the following INMCM5
experiments: pre-industrial control (piControl), historical and seasonal hindcasts. The design of
the piControl and the historical experiments was supplied by the CMIP6 @

The piControl and the historical runs were performed on the supercomputer of the Joint
Supercomputer Center of the Russian Academy of Sciences (720 cores of 8-core Intel Xeon
E5-2690). The INMCMS5 seasonal hindcasts were produced with the INM RAS supercomputer
(160 cores of 12-core Intel Xeon Silver 4214).

1.1. The piControl Run

The pre-industrial control simulation is performed under all forcings fixed at conditions
of the year of 1850. There are neither naturally occurring (e.g., volcanoes and Earth’s orbital
characteristics) nor human-induced (e. g., land usage and greenhouse gases emissions) changes in
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forcings. As a part of the CMIPG6, the piControl experiment is mostly used for the Earth system
models evaluation and simulation of the intrinsic climate variability. The INMCM5 piControl
run lasts for 1200 model years.

1.2. Historical Runs

The historical experiment is carried out under the evolving external forcings and the anthro-
pogenic changes in atmospheric composition. Time series of the total solar irradiance and solar
spectrum, greenhouse gases and stratospheric volcanic sulfate aerosol concentrations, as well as
anthropogenic emissions of SOs, black and organic carbon, are prescribed based on observations.

The ensemble of ten INM RAS climate model historical runs was computed. The runs started
with perturbed initial conditions obtained from the piControl one. The duration of each run is
165 model years from 1850 to 2014. The historical experiments demonstrate that INMCMb5
simulates extreme climate and weather phenomena well .

1.3. Seasonal Hindcasts

Since recently we have been using the INMCMS5 not only for climate modelling but also for
weather hindcasting on a seasonal timescale. To obtain a hindcast for a winter season we set the
initial states on November 15¢. The initial states are constructed by eliminating the bias between
the simulated climate and the observed one. The bias is eliminated by adding anomalies based
on the reanalyses data to the INMCMS5 19802014 climatology obtained from the ensemble of
historical runs . The reanalysis anomaly is the difference between the reanalysis data on
November 15 and its climatology. For the atmosphere and the land surface initial states we use
ERA-Interim reanalysis . The ocean initial states are obtained from SODA3.4.2 reanalysis .

The ensemble of the INMCMS5 seasonal hindcasts was performed for every winter in
the 1981-2015 period. Each hindcast lasts for 5 model months (November—March). The ensemble
consists of 10 members with slightly perturbed initial air temperature and wind speed. The
hindcasts data is available upon request from the authors. The correlation analysis of various
hindcasted weather fields and the study on the response to the quasi-biennial oscillation is
presented in . The North Atlantic Oscillation and the Pacific-North American indices as well
as sudden stratospheric warming events predictability are discussed in .

1.4. ERAS5 Reanalysis

We compare the INMCMS5 simulations with the state-of-the-art ERA5 reanalysis . It is
based on the Integrated Forecasting System (IFS) Cy41r2 with the incremental 4D-Var [1| data
assimilation technique. The ERA5 covers the period from 1979 and continues to be extended
forward in near real time. For our purposes we download the reanalysis data with the INMCM5
horizontal resolution for the 1981-2015 winter seasons directly from C3S Climate Data Store.

2. Methods

2.1. Maximum Covariance Analysis (MCA)

Following we use MCA to study the possible Eurasian autumn snow influence on the
winter Northern hemisphere atmospheric circulation anomalies. With maximum covariance anal-
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ysis two evolving fields X;(t),Y;(t) are decomposed as:

XPay(t) + XPay(t) + ..,

Y b (t) + Yo (t) + ...

Here each new term is obtained by maximization of the covariance between ay(t) and by (t),
XZ-(k), Yj(k) — two families of orthogonal modes with respect to the standard discrete Lo inner
product given by

(40,28, - S, o
p

where ¢, stands for latitude of the p-th field point and Z is either X or Y. To work with more

convenient Euclidean inner product, we scale the fields in the following manner
Zy = w2y (2, Z;”>)L2 = (2im, zgm) = Sz,

To perform MCA, we use singular value decomposition (SVD) . First the covariance

matrix C' is constructed:

= (). e= S (%0 - %) (0 - 7).

t=1

then we compute the SVD of C:

r N,
> (k)5 (k 1
Cij = ZakXi( )Y]( )7 O = COV (ak(t),bk(t)) = ﬁt Zak(t)bk(t>-
k=1 t=1

The obtained )N(i(k), f/j(k) are orthonormal as they are left and right singular vectors. The modes
X Z-(k), Yj(k) are rescaled further to satisfy condition std ax(t) = stdbg(t) = 1. Under this scaling
oy, = corr (ag(t), bi(t)).

In this research we apply the maximum covariance analysis in the region from 20°N to 80°N

for the following fields:

e {X;(t)} - October-November Eurasian (10°W-170°W) snow cover percentage (SC) and
snow water equivalent (SWE) from the piControl and the historical runs; snow water
equivalent on November 1t (SWE!N°Y) based on the ERA-Interim reanalysis from the
seasonal hindcasts;

e {Yj(t)} — December—February (DJF) averaged monthly mean sea level pressure (SLP)
produced by all of the considered INMCMS5 experiments.

2.2. North Atlantic Oscillation (NAO) Index Calculation

The NAO index based on simulated or reanalyses data is usually calculated as
the expansion coefficient of the leading Empirical Orthogonal Function (EOF) of the sea level
pressure (SLP) anomalies over the Atlantic (20°N-80°N, 90°W-40°E). The leading EOF is the
first eigenvector of the SLP anomalies covariance matrix.

We compute the first empirical orthogonal function of winter (DJF) sea level pressure anoma-
lies for the 1981-2015 period. The monthly mean SLP we obtain from the ERAS reanalysis data.
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Figure 1. The first empirical orthogonal function of the DJF 1981-2015 sea level pressure anoma-
lies based on ERA5 reanalysis data

The sea level pressure anomalies we compute relative to the reanalysis climatology over the con-
sidered period. Figureshows the ERAS5 leading EOF of the December—February averaged SLP
anomalies.

We calculate the winter North Atlantic Oscillation index as the projection of the DJF sea
level pressure anomalies on the ERAS first empirical orthogonal function. We obtain Decem-
ber—February NAO index 1981-2015 time series NAOy; and NAOR from the INMCMS5 seasonal
hindcasts ensemble mean and the ERA5 reanalysis SLP anomalies respectively. The NAOy; and
NAOg time series are normalized so that their standard deviations are equal to 1.

2.3. Composites of the Anomalies

2.3.1. DJF sea level pressure

We compute the DJF sea level pressure anomalies composite Cspp to find a pattern corre-
sponding to the negative phase of the North Atlantic Oscillation. Using the December—February
SLP over the 20°-80°N domain and NAOg obtained from the ERAS5 reanalysis data we calculate

Csrp:

> (SLP(y) — SLP) - NAOg(y)
y: NAOg(y)<0

— . 1
Csip S NAOR(y) (1)
y: NAORr(y)<0

From here and thereafter the y is the ordinal number of the year from the 1981-2015 period.

2.8.2. Snow water equivalent on November 1%

Snow water equivalent on November 15t SWE!NV is used as initial state in seasonal hind-
casts. It is computed from the ERA-Interim reanalysis and INMCMS5 historical runs data:

S ———\ std (SWE}®)
SWEINOV _ S ElNOV SVWElNOV _ SW?EINOV . S—M 2
(4) = SWE® + (SWER™ (1) &) std (SWER™) )
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With the SWE™ anomalies in Eurasia over the 25°-80°N latitudes and NAOy; obtained
from the INMCMS5 seasonal hindcasts we calculate Cqywgivov:

35
1 [ — o
Cowimer = 52 ;:1: (SWElN (y) — SWELN ) - (NAOy(y) — NAOy). (3)

Under the assumption of simple linear relation between NAOy(y) and SWE™N°Y(y) given
by

NAOw(y) = NAOw + / A- <SWE1N°V(y) _ SWT%FV) a0,

the Cqwginvov represents the perturbation of snow water equivalent that would result in increasing
NAOy by 1:

35
ANAOM = /A . CSWElNov dQ) = % Z (NAOM(y) - NAOM)2 — var (NAOM(y)) =1. (4)
y=1

2.4. Data Processing and Significance Assessment

The data of each INMCMS5 experiment are grouped into a sequence of overlapping 35-
year intervals. For the piControl run we take every fifth year as interval start thus forming
234 intervals. For the historical runs we take each year as an interval start forming 130 intervals
per ensemble member. Finally, for the seasonal hindcasts we have a single 35-year interval per
ensemble member. In figures intervals are denoted by their first years.

For each of the 35-year intervals we perform MCA for the SLP and one of the snow describing
field (SC, SWE and SWE!NV), Only the leading pair of modes X 2(1)7 Yj(l) is considered. We are
also interested in the following quantities:

e temporal correlation coefficient for the leading pair

o1 = corr (ay(t),bi(t));
e fraction of snow field variance, explained by its first mode term

vf( _ var (Xi(l)al(t)) .

var X;(t)
e same for the sea level pressure
(1)
o var (YJ by (t)) '
! varY;(t)

e spatial correlation coefficient between the pressure mode and the SLP composite
_ vy o
T‘—COI“I‘L2( ) SLP)'

The 95% confidence intervals for each quantity are estimated using bootstrap technique @

For each experiment we plot Xi(l) and Yj(l)

than the fifth percentile of all r for that experiment, i.e., five percent of intervals with the least

averaged by all intervals for which r is greater

correlation between the pressure mode and the SLP composite are excluded from the average.
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3. Results

Following we compute the sea level pressure anomaly composite that corresponds to the
negative NAO phase from the ERA5 reanalysis data. This composite is shown in Fig.|2| It is
later compared with pressure modes obtained by MCA.
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Figure 2. Composite of the sea level pressure anomalies corresponding to the negative NAO
phase based on ERA5 reanalysis data (Cgsrp, hPa)

3.1. The piControl Run

From the piControl data we study the autumn snow — winter pressure teleconnection using
internally-generated snow cover percentage (SC) and snow water equivalent (SWE). We repeat
MCA for 234 overlapping 35-year intervals that span the 1200-year run period.

The results of MCA applied to SC-SLP and SWE-SLP pairs are summarized in Tab.and
Tab. |2| Each table contains o1, the temporal correlation between the leading modes of snow
and pressure; v?Qv?WE, the fraction of variance that is explained by the first mode of snow;
vlsLP, the fraction of variance that is explained by the first mode of pressure and r, the spatial

correlation between the SLP mode and Csrp.

Table 1. Results of MCA applied to SC-SLP pair from the piControl run

o1, % vPC, % P % r, %
mean 74.1 7.1 28.2 65.9
95% confidence interval [73.4, 74.8] [6.9, 7.4] [27.4,29.1] [63.8, 67.8]

Table 2. Results of MCA applied to SWE-SLP pair from the piControl run

o1, % WWE % PP % r, %
mean 76.8 6.0 28.6 65.6
95% confidence interval [76.3, 77.4] [5.8, 6.1] [27.8, 29.4] [63.6, 67.2]

Figure |3| shows the spatial correlation coefficient r plotted against the first year of the
corresponding 35-year interval. For the most of intervals the correlation coefficient stays above
40%.
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Figure 3. Spatial correlation coefficient r between the pressure mode and the SLP composite in
piControl run for series of 234 MCA experiments

Figuresandshow leading MCA modes for SC-SLP and SWE-SLP pairs averaged by
all intervals except for those where spatial correlation r was extremely low (below its fifth
percentile).
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The SLP leading mode for the SC-SLP and SWE-SLP pairs is almost the same. It demon-
strates typical North Atlantic Oscillation and Pacific-North American patterns.

The SC MCA first mode has its maximum in Siberia and its minimum in the East European
Plain and is in good agreement with the results from .

The SWE mode demonstrates similar to SC distribution, but extrema are located closer to
the North Pole.

3.2. Historical Runs

The key difference between piControl and historical runs is that the latter is carried out
under evolving forcings. Like in the piControl run the data is grouped in 35-year intervals, except
that now we take every model year as an interval start and have 10 ensemble members for each
interval. Following results are obtained by treating each ensemble member separately, i.e., no
ensemble averaging is performed to reduce the smoothing of the extrema.

Similar to piControl the MCA results for historical runs are summarized in Tab. |3| and

Tab.

Table 3. Results of MCA applied to SC-SLP pair from the historical runs

o1, % v7¢, % PP % r, %
mean 72.9 6.9 29.0 63.8
95% confidence interval [72.7, 73.2] [6.8, 7.0] [28.7,29.3] [62.8, 64.7]

Table 4. Results of MCA applied to SWE-SLP pair from the historical runs

o1, % WWE % PP % r, %
mean 77.0 6.0 29.6 65.5
95% confidence interval [76.7, 77.2] [5.9, 6.1] [29.3, 30.0] [64.5, 66.4]

Figure@shows a scatter plot of the spatial correlation coefficient r for each of the 10 ensemble

members of the historical runs drawn against the first year of the corresponding interval.
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Figure 6. Spatial correlation coefficient r between the pressure mode and the SLP composite in
10 historical runs for series of 130 MCA experiments

32 Supercomputing Frontiers and Innovations



M.A. Tarasevich, E.M. Volodin

Just like in the piControl case we drop 5% of outliers with the least value of the spatial
correlation coefficient r for each ensemble member and average the resulting set of pressure and
snow modes. The averaged modes are presented in Fig. and Fig.
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Figure 8. Averaged leading MCA modes for SWE-SLP pair in historical runs

The results obtained from historical runs are in excellent agreement with the ones from the
piControl run, except for the snow modes that are slightly smoother. We believe this is due to
averaging them over the individual ensemble members.

Comparing the results for piControl and historical runs we conclude that evolving forcings
do not produce any significant impact on the simulation of the considered phenomenon.

3.3. Seasonal Hindcasts

From the results for piControl and historical runs it becomes clear that there is no significant
difference whether we perform MCA on SC-SLP or SWE-SLP pair. In both cases we get quite
close results for numerical quantities (o1, v1,7) as well as for averaged SLP mode.
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Thus for the seasonal hindcasts we do not consider SC and only focus on SWE™N°V, The
other reason to do so is that SC is a diagnostic variable while SWE'NV is a prognostic variable.
SWEMY is explicitly set in the initial conditions for the November 15 via .

For the seasonal hindcasts we have only one 35-year interval and 10 ensemble members. The
results of MCA performed for SWE!NY and SLP are summarized in Tab.

Table 5. Results of MCA applied to SWEN°V-SLP pair from the seasonal
hindcasts

o1, % v$€, % VIWET o5 r, %
mean 53.6 26.0 18.5 41.2
95% confidence interval [50.3, 57.5] [23.6, 27.5] [15.3, 21.2] [26.1, 55.2]

The SLP leading mode pattern presented in Fig. shows resemblance to the patterns
obtained from piControl and historical runs, but the extrema in the Atlantic have less absolute
value. In contrast, the SWE!N°Y pattern shown in Fig. is noisy and lacks many features that
it has in piControl and historical runs, for example in the Eastern Europe and the Southern
Siberia regions.
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Figure 9. Averaged leading MCA modes for SWENV_SLP pair in seasonal hindcasts

The results from seasonal hindcasts significantly differ from the results in piControl and
historical runs. There may be several explanations for this inconsistency:
e SWEM™°V field is not internally generated by the model but supplied from reanalysis in-
stead;
e model run is not continuous because it is restarted each November 15 with new initial
conditions;

e snow itself might not be the only cause of the teleconnection.

3.4. NAO Sensitivity to Perturbations of Initial Snow Water Equivalent

To study the North Atlantic Oscillation sensitivity to snow water equivalent perturbations
we carry out an ensemble of runs similar to seasonal hindcasts. The snow water equivalent
anomaly is substituted with +2-Cgwrivow and the other initial states are taken equal to INMCM5
climatology computed from the historical runs. The ensemble consists of 30 runs for each of the
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SWEWNov — SWEINov 4 2 . Cqywpives (“addition”) and SWENY = SWEINV — 2. Cqypines
(“subtraction”) experiments. The Cswgivov is obtained by and is presented in Fig.

Assuming linear relation between NAO index and SWE™Y we expect the NAO index to
be increased by 2 in the “addition” experiment and to be decreased by 2 in the “subtraction”
experiment according to .

The obtained values of NAO index for each ensemble member for both experiments are
presented in Fig. m The mean values of NAO index are —0.07 (95% CI [—0.81,0.70]) for
the “subtraction” experiment and 0.23 (95% CI [—0.56,0.97]) for the “addition” experiment.
Mann-Whitney test , applied to the two series of NAO values produces pvalue = 0.46 which

means that there is no significant response in NAO index to altering SWEN°v,
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Figure 10. Sensitivity experiments to snow water equivalent perturbations
Conclusion

The piControl and historical runs show that INMCMS5 is capable of simulating the autumn
Eurasian snow — winter NAO teleconnection. This was not the case for the previous version
of the model (INMCM4) which participated in CMIP5 . A possible explanation is that
INMCMS5 has a higher upper atmosphere bound than INMCM4 and has a finer vertical resolution
in the stratosphere. According to , the stratosphere plays a key role in the mechanism of the
teleconnection.

There is almost no difference in results obtained by applying MCA to SC-SLP and
SWE-SLP pair which indicate that both snow coverage and snow water equivalent may be
equally used to study the autumn snow influence on winter atmospheric circulation anoma-
lies. The leading MCA mode of the sea level pressure has both North Atlantic Oscillation and
Pacific-North American patterns.

A possible reason for INMCMS5 seasonal hindcasts not capturing the phenomenon may be
the way we feed the model with the reanalysis data. Instant change in prognostic variables can
cause perturbations that might not settle on the seasonal time scale or might destroy the initial
state pattern. These perturbations can be reduced by employing continuous observational or
reanalysis data assimilation.
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The experiments of altering initial snow water equivalent in INMCMS5 seasonal hindcasts
indicate that Eurasian autumn snow itself does not significantly affect winter NAO. However,
good teleconnection simulation obtained in piControl and historical runs might also indicate
that autumn snow is only a manifestation of other phenomena that affect winter North Atlantic
Oscillation in INMCMS5.
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