August 2022 Sea Ice Outlook Key Statements

deviation of stochastic
ensemble spread.

Extent (SIE) dataset.

stochastic noise realizations to provide probabilistic regional Arctic:
forecasts in September. The Alaskan region is defined using the
mask file, "Arctic_region_mask_Meier_AnnGlaciol2007.msk,
created by Meier et al. (2007)" (from documentation of Sea lce
Index G02135).
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The outiook is produced from the Climate Prediction Center
The forecast is based on an infalized fully coupled systom, | EXPETmental sea ice forecast system (CFSmS). The forecast is Twenty forecast members are
\Whole Model: CFSm5 The uncertainty estimate is Contrbuting factom matude intion eceamyse pled sy initalzed from the Climate Forecast System Reanalysis (CFSR) O [\nc ranian e (o o ion produced. Model bias that is.
Climate Prediction Center Dynanic Model [Atmospheric component: NCEP GFS 460 4568 018 434 5.00 074 397 |calculated from the 20- atmosaher conditons. with il sea o6 tnieknees being the |6 0¢ean. and. and atmosphere and from the CPC soa ico NSIDC ’ system (CSIS) removed is calculated based
Oceanic component: GFDL MOMS member ensemble. ominant factor ' initiaization system (CSIS) for sea ice. Twenty forecast members are on 2007-2021 retrospective
produced. Model bias that is removed is calculated based on 2007- forecasts.
2021 forecasts and
The August Outiook has increased to 4.73 MKA2, mostly
Simmons, Charles Statistical/ML 473 032 [LIDI S I LIS 0.6 [because the July ice area anomaly has increased relative to | ™1s Oullook is @ Inear regression of northem hemisphere snow |5 NiA
by the linear regression. area, moana loa co2 concentration, and arctic sea ice area
the June ice area anomaly.
Pan-Arctic Ice-Ocean Modeling and Assimilation System (PIOMAS,
Zhang and Rothrock, 2003), with coupled sea ice and ocean model
The ocean model is the POP (Parallel Ocean Program)
model and sea ice model is the thickness, floe size, and enthalpy D R o et Initial SIC s from PIOMAS [ Inital SIT is from PIOMAS
distribution (TFED) model (Zhang et al., 2016). Atmospheric forcing is 'i “Sf © "‘:" . :: ';a ef “’d”‘ 9‘; " "l | The PIOMAS forecasting system is based on a synthesis of hindcast that also assimilates | hindcast that also assimilates.
University of Washington/APL Dynamic Model |0 the NCEP Giimate Forecast System (GFS) version 2 (Saha et al, 465 04 043 ‘Sea“‘”e"”f:mas ”f:s ‘ET‘ ﬁh"ess ‘;‘e‘ :"s ‘”f f"bge” PIOMAS, the NCEP CFS hindcast and forecast atmospheric forcing, [satelite SIC (NASA team)  [CrySat2 SIT data up to April
ety of Washingto! ynamic Model - |5914) hindcast and forecast. To obtain the “best possible” inital ice- e e e e gtoy | s2telite observations of ice concentration and sea surface avaiable from NSIDC 2020
ocean conditions for the forecasts, we conducted a retrospective e o S e o e ot |iemperature (SST), and CryoSat2 observations of sea ice thickness. htty Luw.edulsea_ice
ice thickness fields and ice edge locations for September
simulation that assimilates satelite ice concentration and SST data 7022 are aioo it p e 0081). _cdn)
through the end of July 2022 using the CFS hindcast forcing data are aleo avalable (seo attachment)
We also assimilated CryoSat2 ice thickness avaiiable up to April
2020
APPLICATE Benchmark Statistical/ML 472 472 0.54 3.64 58 18.19 [ E D Same as previous submissions Same as previous subr Fam e Same as as br
submissions submissions
Vodel: GFDL-SPEAR_MED Our forecast is based on the GFDL Seamless system for Prediction
Atmosoh and EArth system Research (SPEAR MED) model (Dehworth et al.,
M’ﬂ':“" ere 2020), which is a coupled atmosphere-land-ocean-sea ice model.
The ocean modelis intialized from an Ensemble Kalman Fiter
Iniialized from nudged atmosphere and SST run Our August 1 prdicion forthe September-aeraged ATC | ooupied Gata assmiaton ystem (SPEAR ECDA; Lu o . 2020)
searice extent is 4.93 milion km'2, with an uncertainty fange | yich assimiates observational surface and subsurface ocean data
Land These statistios are of 4.61-5.40 millon k2. Our prediction is based on the [ % B¥RE 8 €T oe B B o These forecasts are bias
L4 computed using our 30 GFDL-SPEAR_MED ensemble forecast system, which 52 |, . 4geq ansemble run of the coupled SPEAR MED model, which |0/SST SIC data is used o |, g7 gata is expliity useq | ©0Tected based on a lnear-
GFDL/NOAA (Bushuk et al.) Dynamic Mode! |Initialized from nudged atmosphere and SST run 493 493 0.16 461 54 0.66 3.94 me”:’ber md“jon 0.72 [tullycoupled atmosphere-and-ocean-sea ice model nialized [ r\udged e 3. tom mm: Wi, amd humidity dats from . |coMTect assimiated SST i eu”mhammn” myedme regression adjustment
ool using a coupled data assimilation system. OUT PrEGicion 5 | a1 o1 dat from OISST The SST valies under aea o |VaUSS Under sea ice s using a sute of retrospective
Ocean the bias-corrected ensemble mean, and the uncertainty range forecasts spanning 19922021
are adjusted to the freezing point of sea water using OISST sea ice
reflects the lowest and highest sea ice extents in the 30 |05 centration data. The performance of this model in seasonal
Initalized from EnKF coupled data assimiation member ensemble. orediction of Arcic sea 100 extent has been docamentad in Bushuk
Sea et al. (2022). For an evaluation of the model's September sea ice
sf; ce extent prediction skl from an August 1 initialization, see attached
t
Initilized from nudged atmosphere and SST run 1°P
Pan-Arctic Ice Ocean
[We consider the importance of the boreal winter mean large- ERAS Reanalysis - Hersbach, [Modeling and Assimiation
scale atmospheric irculation (Icelandic Low, Arctic Oscilltion) |, I — N H., Bell, B., Berisford, P., |System (PIOMAS)- Zhang, J.,
and the state of Arctc sea-ice concentration and thickness at [ 12 18 @ TS TIeel RaTaen MOTe W 190088 CHEE | iahara, ., Hordnyi, A., |8 Rothrock, D. A. (2003).
the beginning of summer for predicting September sea ice. In |P"" pegt § . ) Mufioz-Sabater, J., Modeling global sea ice with a
early summer (focused on the mean state of sea-ice concentration | yys
particular, our simple statistical model uses mean Arctic sea- Thépaut, J. N. (2020). The |thickness and enthalpy
and searice thickness). Our data is derived from ERAS reanalysis
CSUREU21 Statistical/ML 481 ice thickness in the Beaufort Sea region as an important (¢ SR SR, St 68 8 (BT A ERAS Ranel ERAS global reanalysis. distribution model in
predictor for September sea-ice extent. - Th upp 4 i | Quarterty Joumal of the generalized curvilnear
Science Foundation Research Experiences for Undergraduates Site
P e et S S Royal Meteorological Society, |coordinates. Monthly Weather
Myint, H., & Labe, Z. M. (2022). Predicting September Arcic (" =57 it B6nec 8 Z00ECH B3 Unhversiy underthe | 146(730), 1999-2049. Review, 131(5), 845-861.
Sea-ice Using a Hierarchy of Statistical Models. In 102nd BEIEDE g Ihtips://doi.org/10.1002/qj38 |htps:/dol.org/10.1175/1520-
|American Meteorological Society Annual Meeting. AMS. 03 0493(2003)131<0845:MGSIW
[4>2.0.C0:2
We predicted the Arctic sea-ice cover from coming July 1 o
e o I aePlember il bo aboul 464 | saptember 20, using the data flom satelite microwave sensors,
it & based on = stotistical ata AMSR-E (2002/03-2010/11) and AMSR2 (2012/13-2021/22). The
e Moo ooy e ueing data from analysis method is based on our research (Kimura etal. 2013). [ 0 o
First, 1 the ice thick tribut «
ASIC, NIPR StatisticalML 464 019 |used the ice thickness (accumulated ice convergence) and ice ';';s":‘:ui:zeéw: hadshiined ‘;':;b)“uf;:':c:”;:"io Docomber | Actic Data archive System ~ |NA
age on June 30. Predicted o o 9 (https://ads.nipr.acjp)
o o July 1 to September 20 and June. Additionaly, ice age distribution on June 30 was
e o apap yrom July T to September 20 s estimated from the backward tracking of sea ice. Then, we
available in :“‘r:r"fr :,I ‘; v calculated the summer ice concentration by multiple regression
- ) analysis based on the derived ice thickness and ice age.
) [Monthly averaged July sea ice concentration (SIC) data between
;"E‘s‘“:f“c"‘ "‘""e':l""‘{"‘::s am'l‘"“as‘ "':j“*"‘” 1979 and 2022 were used to create a July SIC cimate(complex)
. eptember sea ice extent . Monthly averaged July seaice | netyor ngividual SIC grid cels were first clustered into regions of
Forecasts are Gaussian concentration fields between 1979 and 2022 were used to y " ; §
- spatio-temporal homogenetty by using a community detection
distributions. Forecast create a climate network (based on the approach of Gregory (246 BTPCECPEReRe ) e L AR FEREISE
CPOM UCL (Gregory et al.) Statistical/ML 494 034 46 528 054 4 [rpresents the mean, and 073 [etal 2020). This was then utiised in a Bayesian Linear Retwork rogions (covariance) were then passed Iio a Bayesian. . |NVA NiA
uncertainties are given by Regression in order to forecast September extent. The model [0 0T 9 21 T8 t80anEe) e Lo P o of
the standard deviation predicts a pan-Arctic extent of 4.94 million square kiometres, 9! prior dis
B o Aeta wor takon o NOIDO (omeaior|the regression parameters. Subsequently a posterior distb
R T (Cavaleri ¢ regression parameters was then derived in order to generate
L2007 ! EOFIEEED the forecast of September sea ice extent
KOPRI fully data-driven model was trained on historical NSIDC's
daily SIC data from 1979 to 2021 using a combination of \SIDG NASA Team,
convolutional and recurrent neural networks. Since we observed a | 100 FSA TR
e solected . OPRI's prediction model uses the past 12-month dat large visual discrepancy according to the neural network's loss. ps:finsidc.om/datainsido- Negative SIC predictions over
 selected ten mos S prodiction model uses the past 12-month data as |, ncions, a new loss function was developed to improve both : ocean pixels were set to 0%
accurate models in the inputs for the six-month predictions of Arctic sea ice iotistien] accumcy and ol scroomont. The S.month arodition | tPS/doi.org/10.5067/86Q o SIC mredictions over 100%
KOPRI (Chi et al.) Statistical/ML 5.18 5.22 041 5.05 537 training process and then concentration (SIC). The predicted September extent for 2022 > 162 S S1F SR8 SOBAUT UC PEORCL PEACTER, [etzaviove, ore et o 100%. We also
use the for the is 5.18 milon square kiometers using data from August 2021 |20 > ST Y 0GB T CRIOE RIS . htips:/insidc.org/data/nsidc- e Tand and coating mooks
uncertainty estimate. to July 2022 P pap: , Bac J, 081, .
Convolutional Long- and Short-Term Memory Model Using from NSIDC's SIC data
htips://doi.org/10.5067/YTTH
Perceptual Loss for Sequence-to-Sequence Arctic Sea Ice O IQ0TH
Prediction. Remote Sensing. 2021; 13(17):3413
htips://doi.org/10.3390/rs13173413
METNO-SPARSE-ST (Wang etal) |  StatisticalML 478 478 026 423 53 17.72 |AR model using NSIDC SIE AR model using NSIDC SIE NA NA
This method applies daily ice loss rates to extrapolate from
the start date (August 1) through the end of September.
Projected September daily extents are averaged to calculate | This method applies dally ice loss rates to extrapolate from the start
the projected September average extent. Individual years | date (August 1) through the end of September. Projected
from 2005 1o 2021 are used, as well as averages over 1981- |September daiy extents are averaged to calculate the projected
2010 and 2007-2021. The 2007-2021 average dail rates are |September average extent. Individual years from 2005 to 2021 are
used to estimate the official submitted estimate. The predicted|used, as well as averages over 19812010 and 2007-2021. The,
tandard deviation of September average extent for 2022 is 4.8 (20.35) milion |2007-2021 average daiy rates are used to estimate the official | NASA Team algorithm
fan f ‘:"'a ‘:‘n” of square kilometers. The minimum daily extent is predicted to be |submitted estimate. The method essentially provides the range of  [extents from the NSIDC Sea
NSIDC (Meier) StatisticalML 4.88 0.35 17.4 "';fe:’ "’"‘5 rom 2;0” 0.67  |4.76 (20.36) milion square kiometers and occurs on 1 September extents that can be expected based on how the ice has |Ice Index, Version 3 NA
oay e © September. The range of estimates reflects the varabilty in | decined in past years, though it is possible that record fast or siow |(http:/insidc.org/datalseaice_
ice loss rates over the final ~1.5 months of the melt season. | daly loss rates may yield a value outside the projected range. It [index/)
Based on the last 17 years (2005-2021), there is a 0% ais0 can provide a probabilty of a new record by comparing how
chance that 2022 willbe lower than the current record low | many years of loss rates yield a record relative o all years. It has
September extent of 3.57 millon sq km in 2012. Using the  |the benefit that t can easily and frequently (daily i desired) be.
same method, the predicted Antarctic average extent for  |updated to provide updated estimates and probabilties and as the
September 2022 is 17.40 (0.34) millon square kiometers. | minimum approaches the “window” of possible outcomes narrows.
The maximum dally extent is predicted to be 17.48 (+0.34)
millon square kiometers and occurs on 26 September.
Statistical/ML stochastic modeling techniques have been applied to
the regional Arctic Sea Ice Extent (SIE) from Sea Ice Index Version
3 dataset (G02135). The daily SIE data were aggregated to provide
This uncertainty weekly-sampled dataset over several Arctic sectors. The predictive
S aw This model forecast is based on statisticallML stochastic model has been derived from SIE anomalies with annual cycle
Kondrashov, Dmitri (UCLA) Statistical/ML 482 014 048 04 [modeiing techniques applied to the regional Arctic Sea lce  |removed, and is initialized from latest SIE conditions by ensemble of |NA NA




This projection was made using the Slater Probabilistic Ice
Extent model developed by Drew Si

(nttp:/icires1 colorado edui~aslater/SEAICE!). The model
computes the probabilty of sea ice concentration greater than.
15% for Arctic Ocean grid cells in the EASE 25 km grid. These
probabilties are aggregated over the model domain to arrive
at daily ice extents. A September mean ice extent is

This is a non-parametic statistical model of Arctic sea ice extent
The model computes the probabilty of whether ice concentration
greater than 15% will exist at a particular location for a particular
lead time into the future, given current ice concentration. The only
input is sea ice concentration. Probabilties are computed using
data from the past 10 years. These probabilties are adjusted using
daily near-realtime concentrations to make a forecast. Pan- Arctic
Ice extent is the sum of the product of grid-box area and the
probabilty of a grid-box containing ice on the forecast date. While
not as sophisticated as a coupled ocean-ice- atmosphere models,
this statistical method has the advantage that the forecasts for all

https:/insidc.orgldatalnsidc-
Slater-Barrett (NSIDC) Statistical/ML 5.02 atodltod fram day foroenats fesvad on August 1. Whie the. PO are completely independent n both space and time; thatis, g NA
e s et Kl at lend s o 1650 daye, NSIDG. | forecast at any given point s not affected by s neighbors, nor
s the foracas modelwiih a 50 Gay load imo. Forscasts | & FoSult fom the prior day. Therefore, the model can adapt to
o e e e oo o |changing conditions and is not inherentiy subject to arit. The mode!
1o 61 Saye, Therstors we conder ne mean Sentembar”. |12 performed well n comparison to others n the 2013/2014 SIPN
e oot forecoet for the. Auouet soa ics outlook by have. || Outiooks, in both extent value and spatial distribution. For 2012, a
reconable <kl ‘9 September mean forecast of below 4 millon square kilometers was
given. However, the model has also missed by as much as 0.6
milion square kiometers in some years. Forecasting is difficult, but
the model does have genuine skil at lead times as long as 90 days.
kil improves as lead time decreases, and September is the month
with highest skil
The Arclic sea ice extent Seplember 2022 mimmum
predicted to roughly continue the September deciining trend | We used RASM2_1_00, which is a recent version of the limited-
(of -0.528x10%6 km"*2/decade) based on 2000-2021 output  |area, fully coupled cimate
. from the Regional Arctic System Model (RASM) hindcast |model consisting of the Weather Research and Forecasting (WRF),
Th f Regional Arctic System Model (RASM v2_1_00) used
B e e ;’{‘bw‘n;;mpm;ﬂ‘;_ L simulation. The difference between the 31-member ensemble {Los Alamos National Laboratory (LANL) Parallel Ocean Program
mean September sea ice extent prediction and the. (POP) and Sea Ice Model (CICE), Variable Infitration Capacity (VIC)
extrapolation 2000-2021 linear trend into 2022 is 0.040x10%6 {land hydrology and routing scheme (RVIC) model components . ‘
Ocean: POP2.1 The inital dit
[Amosphere: WRFST1 k2. Compared to the RASM September 2021 sea ice (Maslowski ot al. 2012; Roberts et al. or 2015; DuVivier et al. 2015; |19 BE8 288 2 BORCHens
R T extent minimum (4.695x10% km2) from the hindcast, the [Hamman ot al. 2016; Hamman et al. 2017; Cassano etal. 2017). ~ [ '° AW8es P88 8
o ydrology. VIC 406 e e mble mean forecast for 2022 minimum i slightly lower by [The model i forced with CFSRICFSV2 reanalysis output for RASM-[04(00€ WE/E So7E0 Daily mean sea ice with
Rivor siesmiiow roufing: RVIC 1.0.0 o s 0.102x10% km?2, suggesting a continuous deciine of sea ice |WRF lateral boundary conditions and for nudging winds and indoast and aro physicaly concentration <=15% and
RASM@NPS (Masiowski et al) | Dynamic Model |7 S o T T 4593 4574 014 4.248 4859 0456 3927 [ e mambors: | 004 [after a brief rebound. According to the RASM ensemble mean |temperature starting above 500 mb for September 1979~July 2022. |1 "1S5% A7V &% PSR |seq the above thickness
oo alos Pt e predicted September sea ice thickness distribution, the Then, RASM is used for dynamic down-scaling of the global e excluded in the estimates of
PV Dy SUD M S S ermelemaniony matarl majorty of surviving ice thickness ranges between 1.0 mand [NOAAINCEP CFSv2 7-month forecasls. The CFSV2 forcing compenents, Nekher data September sea ice extent
hindcast, forced with CFSRICFSV2 reanalysis for September 1979 MO DA A LD DO ETEED assimiation nor bias.
e e e e T T Archipelago and Greenland within the range of 1.5 m2.5 m,  |system/access/operational-9-month-forecast) streams used forthe |2o>" = % "7 D&
Sty and almost no sea ice thicker than 3.0 m (see Fig. 3 in the | ensemble members were initiaized every day (at 00:00) between
beginning of the hindcast were derived from the 32-year spin-up of
© material). The RASM September outlook has | July 1t and July 31st and used for RASM forcing at 00:00 on
the ocean-sea ice model only (RASM G-case) forced with CORE2 g
ey or 19451570 been commonly biased hig years (bias of August 1st, 2022 and onward until the end of January 2023. Each
0.070x10% km2 and standard deviation of 0.415x10% | of the 31 ensemble members ran forward for 6 months using
km"2) compared to the NSIDC observation (2000-2021),  |outputs from CFSv2 forecasts since we skip the first calendar month
especially in the northem Barenis/Kara and East Siberian | of each CFSv2 forcing.
seas
When obtaining the regression prediction results of ciimate trend,
o o e e oot we used the NSIDC-0051 sea ice concentration dataset of NSIDC
B’Z’;e: ’:f::z‘;"ﬂz:‘sfg::‘amz’::::?m‘fs‘s“’g“ﬁ:::"“ly NASATEAM algorithm, with a time range of 1989-2020 and a spalla\
resolution of 25km. Firstly, we calculated the linear regre:
e e oo o concenltaton I | coefficients of each grid during 1989-2020. The trend o cimate
ach grki In the Arcti reglon and then use this trend to change in the grid is analyzed, and the sea ice concentration of
predic the value of sea ice concentation in that g this (C2979° 1L 97 B SRANEEr, AE T8 08 e Soneer el o NSIDC NASA Team,
HEU Group (Zhao, et al.) StatisticalML 458 18.24 vear. The satelite observation data of this year before the o, ficient. In the previous bias comection part, we also used the |{IPS:/nside.orgidata/nside- |y,
prediction are sed to calculate the real change of this year, 0051 https:/insidc.org/dataln
value of sea ice concentration from January o July 2022 of NSIDC-
and further correct the change trend obtained by the sidc-0081
RS AY 0081, calculated the curve of sea ice extent retrieved by satellte
o o e e from January to July 2022, and compared it i the change of sea
‘”EJQ““‘ as correction g‘"‘;"‘t ‘:"‘f f Td “:e wo ice extent from January to July 2022 predicted by climate trend
otrods. o moro easonasl dirbulon (64 of 893120 |1reeson Th average diference bt ne wo wesablaned
g o optained. and hen (e sea ce eXeNIS 5’3 basis for previous bias comections, clmate trend predictions for
caloua September 2022 were then revised to obtain the final results.
The forecast model s based on e persistence. 11Uses
incoming solar radiation and sea ice albedo derived from a
predicted Sea Ice Concentration (SIC) value to calculate daiy
thickness losses for every NSIDC 25km gid cell. The intial
thickness is calculated from AMSR2 sea ice volume and
NSIDC SIC data.
Each grid-cell s initiaized with a thickness derived from the AMSR2
Instead of a long-term mean, the 2022 model predicts SIC | Sea Ice Volume model ( htps:/icryospherecomputing k/SIT). For
change based on correlation to previous years. A special |each day the model calculates average thickness loss per grid cell
formula calculates a best new mean field based on past  |using the exact solar radiation energy and the predicted sea ice
[ VRO SN I D[S T
For this month the mean field is made up Ice-foss(m) = Energy(solar in MJ)*(1-SIC)  icemeltenergy. NSIDC NASA Team,
Sun, Nico Statistical/ML 555 555 531 569 18.23 0.755 4 [SiCuncertainty 1 [2007:2007:2010.2010.2012.2013 2013 2013 2015.2015.20 https://nsidc.org/datainsidc- [SIC * 1.4m None
16,2016,2017 SIC = sea ice concentration 0081
eltenergy = Meltenergy per m3, (333.55
The mean forecast uses the SIC (1/4 weight) and mean SIC [KJikg*1000(m3/dm)'0.92(density)1000(MJIKJ)
change per day (3/4 weight)to predict future SIC. The low
forecast reduces the predicted SIC by 0.3Stdv for previously |In 2020 the model was updated a bias comrection layer to
observed SIC for this day and a 10% increased bottom melt. |approximate sea ice drif.
The high forecast increases the predicted SIC by 0.10Stdv
and a 10% decreased bottom melt
Since 2020 model includes a bias correction layer to reduce
persistent ermors of underprediction or overprediction based
on past forecasts. This layer simulates e diift or cold freezing
air blowina from landmasses causing refreezing
Gur prediction is based on a climate model named FIO-ESM vi 0
FIOESMI.0 Qur predicton is based on FIO-ESM (the FirstInstiute of g5 g1 a1, 2013). Ocean and sea ice data are assimiated to OSISAF, 0514305,
Atmosphere CAM3 20002022 integration Oceanography-Earth System Model) with data assimiation. ik jie the model (Chen et al., 2016; Shu et al., 2021). The system|https:/osi PIOMAS,
The prediction of September pan-Arctic extent in 2022 is 4.06 2016 . ntipsc apluw.eduresearch
FIO-ESM (Shu et al) Dynamic Model |Ocean POP2 ocean data assimiation 4.06 bias was removed to get bias comrected pan-Arclic September umet
Ice CICE4 sea ice data assimiation (+1-0. 17& ‘mwlho:\ square Kilometers. 4doe and';) "17 ";“l;'“” don |TOthly-mean sea ice extont. The system bias s the mean error |430-b-complementing-osi- o
Wave MASNUM-wave model 2000-2022 integration S‘:‘fﬂ"ﬂ"’x;*" Embe average T‘c “’"e standard deviation o yeen reforecast sea ice extent and satelite derived sea ice 450 anomaly/data/model_gri
of 10 ensemble members, respectively. extent during 2000 to 2009
2) Model Name: NCEP CFSv2 The projected Arctic minimum sea ice extent from the NCEP
b) Component Name Inttiaiization CFSv2 model July initial conditions (ICs) using 124-member
| Atmosphere NCEP GFS NCEP CDAS ensemble forecast (4 cycles each day July 1 to July 31)is [y . itial |NCEP Sea lce Concentration
the NCEP CFSv2 model with 124 f July 2022 inital INCEP CFSv2 model
NCEP-EMC (Wu et al.) Dynamic Model [Ocean GFDL MOM4 NCEP GODAS 483 0.14 19.64 4.83 millon square kiometers with a standard deviation of | (55" | ‘j cycken eac;d:;‘zjy 1_31”"?;;‘; uly 2022 inital | ysis for the CFSV2 (July (uly ‘.My“ymé’uiz?"ess
ICE Modified GFDL SIS SIC nudging 0.14 milion square kiometers. The comesponding number for g 1'to July 31, 2022) .
) 124 ensemble members (July 1-July 31 2022, each day from all 4 the Antarctic (maximum) is 19.64 millon square kiometers with
cycles) a standard deviation of 0.62 milion square kiometers.
The projected Arclic minmum sea ice extent from the NCEP
e e Unified Forecast Systerm (UFS) model May-uly iniial
A)I um?ne%c:wmeesns‘/‘:\‘/z;&‘sp CDAS condttions (ICs) using 21-member ensemble forecast (002 .\ .y e NCEP UFS model with 21 f May to July 2022 |NASA Team Analysis fr crc tializati
mosphere iy 5.9, e 5.5, mnct Sty 3.6 with G162y s 5,06 milon fe used the model with 21-case of May to July eam Analysis from sea ice infialization
EMCINCEP (UFS) Dynamic Model [Ocean GFDL MOM6 NCEP GODAS 5.06 032 1856 saunre Kiometors wih a standard devition of 0.32 milon | Inal condions (May 3.9, June 39 and July 3.9 with C192)and [NSIDC (May 3.9, June 39 [system (CSIS) (May 3:9, June
ICE CICES CPC CSIS bias-corrected for the Arclic. and July 39, 2022) 3.9 and July 3.9, 2022)
2 e members (May 3.9, June 3.9 and July 3.9 2022, each square kiometers. The corresponding number for the
o gy ™ (12 39, June 39 and duly 5:9 2022, eac Antarctic (maximum) is 18.56 milion square kiometers with a
ay 00Z vt ) standard deviation of 0.25 milion square kiometers.
When it comes to forecasting sea ice, there is tension
© . . The VARCTIC, which is a Vector Autoregression (VAR) designed to
between opting for statistical methods vs forecasts based on : g
izt D S o e e e e e s e
constitutes the 5th v oy st a oo Toroeast,but e nard @ know why. |21 understand the interactons of multle macroeconomicme [N Meler, M. Savoie, and A. (0,0, o
[ i ittt Chvoe of macrsacaname paity hove boes, |2eres. Hence, the VARGTIC s a parsimonious compromise between K. Windnagol. 2017, e |
ound the 85th percentie ol et et fullblown climate models and purely statistical approaches that |updated daiy. Sea lce ey
i the i g ly offer it i th I
UQAM (VARCTIC) Statistical/ML 4.56 456 399 5.12 peER 1 [Autoregressions, have been an increasingly populartoolto |12 offer e explanation of the underlying mechanism. naex, Version 3. Boulder, | contentiuploadsischweigerfice

Done via the posterior
distribution obtained by
standard Bayesian
Methods for inear Vector
[Autoregressions.

forecast economic aggregates as they are a compromise
between theory-based methods and statistical ones. As a
resul, it is possible to obtain an explainable Vorecas( wh»ch
are the results of dynamic interactions between key Arcti
variables. Hence, our forecast implicily uses. phys»ca
transmission mechanisms in the data, without specifying them

explicty.

Precisely, we use an 7-variable Bayesian Vector Autoregression
(VAR) with 12 lags and a constant which we refer to as the
VARCTIC. We estimate the model over the period from January
1980 until June 2022. A detaled description can be found in the
following paper:
a 13/JCLI-D-20-

0324.1.xml

Colorado USA. NSIDC:
National Snow and lce Data
Center. doi:

https:/idoi.org/10.7265/NSKO

_volume/PIOMAS.
thick daiy.1979.2022.Current
v2.1.dat gz




WodeT FadGEM3 [Rewit et a., 2071], GlobaT Coupled Model
[Williams et al., 2018] in use within the GloSea6 seasonal prediction
system. The model configuration has been updated, but all other
details of the system (forecast members, hindcast members, anomaly
calculations) are as described in MacLachlan et al. (2015).

Sea ice component: CICES.1 [Hunke et al., 2015] model using Global
Sea Ice 8.1 configuration [Ridley et al., 2018]. Initialised using the
Met Office FOAM ocean and sea ice analysis [Blockley et al., 2014],
which assimilates the SSMIS sea ice concentration observation
product from EUMETSAT OSI-SAF.

Ocean component: NEMO [Madec, 2016] ocean model using Global
Ocean 6.0 configuration [Storkey et al., 2018]. Initialised using Met
Office FOAM ocean and sea ice analysis [Blockley et al., 2014]
assimilating in-situ and satelite observations of SST [GHRSST],
satellte observations of sea level anomaly [AVISO/CLS] and

Uncertainty range s
provided as +/-2 two
standard deviations of the

A dynamic model forecast made using the Met Office’s
seasonal forecasting system (GloSea). GloSea is a fully
coupled Atmosphere-Ocean-sea Ice-Land (AOIL) model that

Ensemble coupled model seasonal forecast from the GloSea6
seasonal prediction system [based on, MacLachlan et al., 2015],
using the Global Coupled 3 (GC3) version [Wiliams et al., 2018] of
the HadGEMS3 coupled model [Hewit et al., 2011]. Forecast
compiled together from forecasts initialized between 22 July and 11
August (2 per day) from an ocean and sea ice analysis
(FOAMINEMOVAR) [Blockiey et al., 2014; Peterson et al., 2015]

Sea ice concentration (as all
variables)is initalised using

the operational FOAM ocean-|

sea ice analysis. SSMIS sea
ice concentration is

Sea ice thickness (as all
variables)is initalised using
the operational FOAM ocean-

Bias correction in each
hemisphere, calculated by
evaluation of hindcasts over
19932016 Bias correction

Met Off D ] 44 2 17 12 le of 210-day forecast it th
et Offce ynamic Model |\ e mperature and salinity sub-surface profies. oe 3 6 ° (42 member) ensemble produces a small 2member ensemble of 210-day forecasts 1,4 an atmospheric analysis (MO-NWP/4DVar) [Rawins et al., 2007]| 255miated using Ine sea ice analysis. Sea ice calculated from hindcast
each day. Forecasts initialised over a 21-day period are use EUMETSAT OSI-SAF (OSI-
Atmospheric Component: Met Office Unified Model (MetUM) [Brown et spread around the Logetner i creae a 42 member agged anseie orarecasts| 133 Obsenatons o th previos da. Specal Sensor a1 Son thickness is not assimilated in | evaluation over 1993-2016.
1., 2012] using Global Atmosphere 7.2 configuration [Walters et al., ensemble mean o Sommber son oo oo 20 Microwave e et FOAM. Arctic: 2.5 millon sq. km;
2019]. Initilised using Met Office operational numerical weather tom EUMETSAF OSISAF [051-SAF) woro atsimiated in e ocean Antarctic: 0.6 million sq. km
af_cdop3_ss2_pum_ice-
prediction (NWP) 4D-Var data assimiation system [Rawins et al., and sea ice analysis, along with satellte and in-siu SST, su oo 1o pa]
2007) surface temperature and salinity profies, and sea level anomalies VPP
Land Component: Joint UK Land Envionment Simulator (JULES) rom altimeter data. No assimilation of ice thickness was performed
(Best et al., 2011] using Global Land 7.0 configuration [Walters et al.,
2019]. Soil temperature, soil moisture, and snow over land are
initalised from running the land surface model forced wih the JRA-55
analysis.
Coupling: Ocean and sea ice are hard coupled. Atmosphere and
land are hard coupled. The combined ocean/ice and
atmospherefland configurations are coupled using the OASIS3
uoled (Valcke et al 20151
For the present outlook the coupled sea ice-ocean model NAOSIM
has been forced with atmospheric surface data from January 1948
to August 11th 2022 (combination of NCEP-CFSR and NCEP-
CFSv2). All ensemble model experiments have been started from
the same inital conditions on August 11th 2022. The model setup is
identical to the SIO 2019-2021 setup - a forecasting model (about
25km horizontal resolution) vith opimized parameters (vith the help
of a generic algorithm (Sumata et al, 2019,
. . https:/idoi.org/10.1175/MWR-D-18-0360.1) is employed. We used ChoSaLZ S o Aired
Forced sea ice - ocean model initialized in March and April Wegener Institute v2.4,
Pl e i AR
with satelite products. Ensemble forecast is generated by Hendricks, S. and Ricker R.
> > e .. |the ensemble prediction and thus obtain 10 different realizations of
using the forcing from ten previous years. Prediction potential OSI SAF EUMETSAT OSI- (2020 Product User Guide &
S g po«enualsea ice evolution for summer of 2022. The use of an ! ¢
comesfrom the initalization in March and Apri with satelite (P =" % S25 109 ¥0Won for sATero 2922, The 46 of 430b, hitpsi/fosi- AW
AWI Consortium Dynanic Model [NAOSIM v36, 1/4 degree, parameter optimized (opt5.3) 451 026 Ensemble spread observations (sea ice thickness, snow depth, SST, and sea 2 saf. cumet: None performed.
ice concentration). Deliberately no observations are predictions for September 2022, A variational data assimition (30,1, comolementing-os-  |(version 2.3), Technical
L Lottty ) system around NAOSIM is applied to inftialize the model using the Pl AERES |[eTCEn A8, L
assimilated later in the year because the potentia of state . 454 Repor,
e T e ® o |Alfred Wegener Insttute’s CryoSat-2 ce thickness product, o I
o oo 1CSPeCL 10 SUMMOT S8 18 | nversty of Bremen's snow depth and the OSI SAF ice e e
e ul valu concentration product 430b (interim Climate Data record). In Ty
i § ProductUserGuide- v2p3.pdf
conirast to previous years no sea surface temperature is assimilated
due to the lack of this data stream. Only observations from March
and April were used. The assimilation system (Kauker et al, 2015,
hitp://www.the-cryosphere-discuss.net/ic-2015-171) s unchanged
but no bias correction is
applied any more to the CryoSat-2 ice thickness - this is not
necessary anymore due to the
optimization of the forecast model.
We have supplied a forecast based on a statistical model with trend,
2 feed-forward loop, and stochastic shocks, estimated by direct
The UPenn-UGAM group is composed of economists and  [projection. In the modeling process we explore different lovels of
statisticians interested in predictive modeling of many aspects |aggregation of the underlying high-frequency (daily) concentration
of climate in it relation to economic activity. The Arctic ~and |data and associated sea ice extent, and we tune the aggregation
Arctc sea ice in particular — is of particular interest to us. As is |to optimize the predictive biasivariance tradeoff in forecasting
timated stochasti ]
?i;’g:ﬂ%:sﬁ:ﬁx&we [well known, the Arctic is warming about twice as fast as the | September extent. It tums out that previous. pseudoamauamp\e
Hidairibedbbrd global average, and the Arctic amplification in surface air | forecast errors (residuals) are approximately Gaussian, which ws
UPenn-UQAM Group StatisticalML 5.12 5.12 023 466 558 P emperatre s of course coscly connecled to o dramac | oxpllin making our outatsample arocastfor s September The |NA NA
years prediction errors from
mult-decade reduction in Northem sea ice. This loss of sea | predictive density is Gaussian, with the mean 5.12 milion square
a recursive pseudo-outof-
ample romiee ice is one of the most conspicuous waming signs of kiometers and standard deviation of 0.23 milon square kiometers.
\textitfcurent} cimate change, and it also plays an integral | (By symmetry, the mean and median coincide.) The approximate
role in the timing and intensily of \textit{future} global cimate ~|95\% interval that we report is the mean plus or minus 2 standard
change. Not surprisingly then, we are keenly interested in | deviations.
predictive modeling of Arctc sea ice, partcularly summer ice.
See hitps/ichairemacro.esg.ugam calarctc-sea-ice-
forecasting/?lang=en.
This statistical model computes the probabilty that sea ice willbe
Yearly data from 1980 through the present are used in a :
Bayesian logisic egression o predict the probablty hat sea (P13 (®oncentration above 19%)for cach ord ool p NSIDGs
ice concentration will be above 15%. To estimate total sea ice | graphic projecti iy " roug|
. resent are used in a Bayesian logistic regression. Prediciors
extent, grid cells wih a percentage above a cerain threshold (ProSe1 2r° %6 1 @ B e
Horvath, et al. Statistical/ML 498 (chosen from a drop-one cross-valdation test) are multplied (175 124 Sutace ar lemperature, dowmnielng nguare | - Ia NA
by the pixel area grid dataset provided by NSIDC's polar lation, i q irst princip
component of geopotential height at 500mbars, and Pacific and
stereographic toolset and then summed. Sea ice 2
concentration data was obtained from NSIDC's Sea Ice Index | 12" ;
% (ot St 10.602135). all otner varables are rom ERAs . |°b1ained from NSIDC's Sea Ico Index V3 (Data Set ID:G02135),all
other variables are from ERAS
TceNet s a sea ice forecasling Al system which predicts
monthiy-averaged sea ice probabily (SIP; probabily of sea
e aomanraton > 15% w6 6 monihs ahead ot 26 k- |/t each 25%25 km ocean grid cell i the Arotic and at each forecast
aoiution on an EASEZ a1 ooNot s based on a duep |[22 tme from 1 to 6 months ahead, ceNet produces a probabilty
that the SIC wil be less than 15% (no ice), between 15% and 80% |EUMETSAT OSI-SAF, OSI-
leaming U-Net architecture, and has been trained on dimate
simltions (GMIPG) covernia 1850.2100 ana obsemational _|(marginal ce). or above 80% (il ce). To compute the SIP map for [450/0S1430-b
° this IO submission, we sum the probabilty of the two ice ciasses to | (ttp://osisaf. met.nofplicefice
lceNet1 StatisticalML 513 data (OSI-SAF SIC and ERAS) from 1979-2011. IceNet's NA
obtain P(SIC > 15%). IceNet comprises 25 different U-Net models, ~ |_conc_reprocessed.himi,
monthiy-averaged inputs comprise SIC, 11 cimate variables, c
el SIC trocacts and metadata. looNot & iroduted in | ¥hose output SIPS are averaged to produce the final SIP forecast. |https:/doiorg/10.15770/EU
To compute the SIE, we sum the area of grid cells whose SIP > 0.5. [M_SAF_OS|_0008)
a study in Nature Communications: Note that IceNet's SIE predicti ds to the SIE of month
https://www.nature com/articles/s41467-021-252574. lceNet fe au cel f N . “:'e ot ::f"':"f"""dss;; fd ” of monthly-|
was also presented at the Oxford ML and Physics Seminar | 2+6r29¢ sea ice, not the monthiy-averaged SIE of day sea ce.
Series: be/JAKWhEU09Xo.
A linear Markov model is used to predict monthly Arctic sea ice First, a constant bias correction
concentration (SIC) at all grd points in the pan-Arciic region was applied to Arctic SIC
(Yuan etal. 2016). The model has been retrained this month prediction at each grid point.
using SIC, atmosphere variables and SST from 1979 to 2021 Then a constant SIE bias also
I— Itis capable of capturing the co-variabilty in the ocean-sea | The linear Markov model has been developed to predict sea ice Gerived from the cross-
e ystem. The Septem ice in the pan Arctic region at the seasonal time scale. validation experiments from
ez v P @b s R 8E ionsn |[iommiionsre A 1 s e [ sz 1980 to 2021 was corrected
‘gM";‘;)’“?:e“‘f;;‘;'e ermor predicts negative SIC anomalies throughout the pan-Arctic  |sea surface temperature (ERSST), surface air temperature, GH300, [NSIDC NASA Tea from the September SIE
. region. The September mean pan-Aric SIE s padiced 1o |vectorwids at GHS0D (NGEPNGAR roanalei) for the period of [ntpsinsidc ogidatanside- prediction. Finally, the model
LaioniOianiandi) G S aeE s it LB aem f;‘s"‘:‘;;z:’a”" °"“’f 083 |16 5.04 milion square kiometers (mskm) with an RMSE of 1979 to 2021, It buit in multivariate EOF space. The model , [ uses lower resolution sea ice
‘" - )lyea's (== 0.41 mskm based on model cross-validation experiments, at |utilizes first 11 mEOF modes and uses a Markov process to predict  [https://doi.org/10.5067/U8CO concentration data (2-degree
e e the two-month lead. The Alaskan regional SIE is predicted to. |these principal components forward one month at a time. The pan |9DWVXSLM.
el be 0.68 mskm. A Similar statistical model was also developed |Arctic sea ice extent forecast is calculated by summarizing all cell
[P to predict the SIE in the Antarctic (Chen and Yuan, 2004).  |areas where predicted sea ice concentration exceeds 15%.
The September mean pan Antarctic SIE is predicted to be compared to 25kmx25km
18.54 mskm, close to September 2021 (18.45), with an RMSE original satelite data. This
of 0.66 mskm. The RMSE is estimated based on our model resolution bias is comected in
forward forecasts from 2003-2017. the final Arctic SIE prediction.
A machine leaming KNN model s used (o predict the daiy
e estimat sea ice concentration (SIC) and the sea ice extent (SIE) of
U:C::;":Tyev;:'m‘ mean. September 2022 in pan-Arctic. Daily averaged sea ice
mean- tration (NSIDC NASA Te
SYSUISML-KNN StatisticalML ~ [NA 568 568 031 5.37 5.99 square-emor(RMSE) 148 |concentration (NSIDC NASA Team, NA NA

calculated from 2015-2020
hindcast.

https:/insidc.org/data/nsidc-0081) fields between 1979 and
2021 were used to predict. The model predicts a pan-Arctic
sea ice extent of 5.04(20.31) millon square kiometers and
has a positive anomaly of 0.8
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We estimate our
uncertainty with root-mean-
square-emor(RMSE)
calculated from 1979-2019
hindcast.

|A muttivariate linear Markov model is used to predict monthly
sea ice concentration (SIC), from which sea ice extent
prediction of monthly September 2021 in Artic is calculated to
be 4.63:0.51 millon square kiometers, and the Alaskan
regional SIE is predicted to be 0.7140.25 million square
kilometers.

The multivariate inear Markov model is a statistical model that
combines principal component analysis and linear Markov model
together, it can identify the large scale atmospheric and oceanic
variabilty through principal component analysis and make linear
[Markov predictions based on its results (Yuan et al., 2016). To make
predictions, first we extract time and space component from the
data matrix, and we use linear Markov model to predict the target
time component, which will be multiplied with space component to
make a final prediction. Besides the parameters used in Yuan et al.
(2016), €.g., sea ice concentration (SIC), sea surface temperature
(SST), surface air temperature (SAT), here we further use monthly
surface net radiation flux (NR) data from 1979 to 2019 to train our
[model. For this attempt, we use 2021 May monthly mean SIC data
to initiate our model and make monthly SIC and SIE prediction.

z
£

NA

No post-processing




