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SUMMARY

(3 B 2 o %)

. Title : Allgorithm Development for Characterization of the Arctic Sea Ice

[l. Purpose and Necessity of R&D

@ Earth’s cryosphere is closely linked to climate change, and rising air and sea
temperatures are expected to cause Arctic sea ice to nearly disappear in September by
the end of the 21st century, with sea ice free conditions potentially observed as early
as around 2030.

@ Sea ice decline reduces albedo and increases the amount of absorbed solar
radiation, which raises sea surface temperature and further accelerates sea ice loss
through a positive feedback mechanism.

@ It is important to quantitatively characterize the cracking and fragmentation state of
sea ice, such as sea ice leads and melt pond fraction.

@ This study aims to understand the drivers of sea ice change by detecting sea ice
leads, estimating melt pond fraction, and analyzing their relationships with
environmental variables, and to develop the Floe Fragmentation Index (FFI) to identify
precursors to abrupt sea ice changes based on time series differences from other sea
ice factors and apply them to prediction.

[ll. Contents and Extent of R&D

@ Sea ice lead samples were extracted using lIceBridge data, and a machine learning
based lead detection model was developed.

@ Sea ice leads and their characteristics from ICESat 2 were analyzed, and the lead
width was detected based on these features.

@ Reference data for sea ice melt ponds were established using high resolution
IceBridge airborne imagery and high resolution satellite data.

@ Key characteristics for Arctic melt pond detection were analyzed, and a threshold
based melt pond detection model was developed.

@® Melt pond fraction estimates during the 2019 Arctic melt season were analyzed.

@ The Floe Fragmentation Index (FFl) was developed, and reference data were
constructed using Sentinel 2 high resolution optical satellite imagery.

@® An FFl estimation algorithm was developed and evaluated using AMSR2 passive
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microwave satellite data.

@ FFl reference data and additional training datasets were built using SAR imagery,
and the results from the improved FFI estimation algorithm were analyzed.

@ The spatial patterns and interannual time series patterns of FFl were analyzed in
detail.

@ Seasonal and regional correlations between FFI and sea ice variables were analyzed.

@ Sea ice variable prediction modeling was performed using FFl, and the influence of
FFI on predicting changes in sea ice variables was evaluated.

V. R&D Results

@ High resolution sea ice lead sampling was conducted using CAMBOT airborne
imagery from IceBridge, yielding 6,718 sea ice lead samples and 26,541 sea ice samples,
and a sea ice lead detection model was developed using a random forest approach.

@ Based on prior studies on sea ice feature detection using ICESat 2, melt pond
samples were compiled as reference data from Sentinel 2A and 2B MSI optical
observations, and the extracted cases were used to analyze characteristics of sea ice,
melt ponds with a water surface, and melt ponds with an ice covered surface.

@ Using these characteristics, a classification model was developed to distinguish sea
ice, water surface melt ponds, and ice surface melt ponds by leveraging the standard
deviation of ICESat 2 elevations and the number of reflected photons.

@ The Floe Fragmentation Index (FFl) was developed by improving DIVI, a quantitative

indicator representing fragmentation in the surrounding environment, and reference data
for validating FFI estimation modeling were constructed using Sentinel 2 optical imagery
with 10 m spatial resolution.

@ To produce daily FFl over the pan Arctic region, AMSR2 passive microwave sensor
data were used, and additional modeling was performed using machine learning
methods.

@ Differences in the spatial patterns of FFI across Arctic regions were examined
through detailed analyses of the central Arctic and peripheral areas relative to the
North Pole, as well as regions with distinct ocean current regimes.

@ Interannual time series variability of FFl was analyzed over the study period,
characterizing pan Arctic variability and conducting detailed investigations of potential
drivers.

@ Sea ice variable change prediction modeling was performed using FFl, and
comparative analyses were conducted between models with and without FFI.

V. Application Plans of R&D Results

@ The outputs of this study can enable more comprehensive analyses of Arctic sea ice
change, and integrating sea ice lead and melt pond distributions can complement the
limitations of existing thermodynamics based prediction models and be further extended
to analyses of sea ice thickness and volume changes.
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@ Given the current lack of satellite based analyses and products for sea ice leads and
melt ponds, the sea ice lead detection and lead fraction maps produced in this project
can serve as key reference data for the development and validation of related
algorithms.

@ By quantitatively assessing how sea ice leads and melt ponds influence sea ice
change, this work can facilitate research on predicting sea ice variability and provide a
foundation for interpreting the spatial distribution of lead fraction.

@ Quantifying sea ice fragmentation using the Floe Fragmentation Index (FFI) can go
beyond the limitations of FSD focused studies and contribute to intuitive pan Arctic
interpretation and improved prediction models, and it can also be used for correlation
analyses with reanalysis datasets and climate indices such as the Arctic Oscillation (AO).

- il -



T 1 BE A B e s 1
H 2 B U Q| F|E7HYEF §f BF e )
H 1= 2L F|ETHEE S EF e 2
H 28 22 T |S7HEE S & oo 3
H 3 & AF7ebmal] L2 L Z O e 8
H 1&E 232 54l |ead EHX| = |_-||:|| BRI e 8
X-” ZIE‘I E'_TE:- 6Htc|> meltpond IEiII-II ........................................................................................ ‘|7
M 3% lead % meltpond fractionoll w2 5= sl #Hs AsF EAM 2 gl #H3E
O] et 24
M 48 FFI £ LTE|Z THEE 41
M 58 FFI A Z2ZF DBl B A 61
M 68 FFIQF sllEl QIKF ZFe| AFTFA EH A 79
H 4 & AF/e 2 F QAT B D T| 0] & e 90
x-” 1XE-I ?_4?-7HE'E|'%E9| Eél-gl_ll:_ ............................................................................................ 90
K 28 BFE] EOFOJ Q] T 0F I ooreeeriemeieiini i 91
H 5 & AFRIEZE DI EEH E| o 92
A 6 BF EF T B S e o3

_iX_



T8 11 2 A g AT TR BE QW KA GG PR e 2
A= 2.2.1. Waveform mixture 12|53 o]&3t 20159 10¥ 1049 lead®t SHEQ] H|&. «oevevereees 3
2 2.2.92. Meltpond fraction, Q| =, 25 0] AJAY BIGE T2 s 5
lec,'] 2.2.3. —T—%‘Q _IC_I>_1:IO] ﬂ7] —Hx'::‘EQ]' %}57;]-5 2_1—94 _1'—_7g|1 _g__g_gq i]—O] —;EDJ ................................................... 6
T2 224, 949 37] B XA o5t ¥ 98] KFE BB M QO] T e 7
JEE,I] 311 IceBrldge‘J CAMBOT 6(‘)]—%’_03}6]- ......................................................................................................... 10
I 3.1.2. CAMBOT 343+ A19] lead & dfjy)of T2 RGB HHE ZF BAD v 11
O 3.1.3. CAMBOT S/ dO2RE FETE lead fO] S roorrrrrrrsss s 12
JEDJ 3,1.4. %EE:I] ;‘Thlj-ﬂié EE—I‘:JQ %—/F‘ %_9_5 .................................................................................................... 13
32 3.1.5. A ZTYAE wolo] calibration, validation AMZ0]] THSE ABHE e 13
a2 3.1.6. 107§2] CAMBOT Ao th23t= ICESat-2 9]49] lead BFA] ABHE | e 14
2] 3.1.7. CAMBOT @A} 1HOJA19] lead BFA] L EAL ZT} e 15
2] 3.1.8. CAMBOT @A} 5HOIAIO] lead BFA] L EAT ZT}, e 16
T2 3.1.9. CAMBOT GAF 6HOIA2] lead BFA] L HAD AT, e 16
I 3.2.1. ISODATA 2&7] &8 CAMBOT F4} meltpond A 9 &A] Aut U ICEsat-2 track
Of R|, wrereseeesseeese st s 18
73 3.2.2. Tilling et al. (2020)0|A] BA3F Sentinel-2 @A 7|¥F meltpond 2 ICESat-2 ATLO7
MAtCH—UD dAta Of A]. wreseesresseesessessess e 19
I3 3.2.3. Farrell et al. (2020)0]|A4] A|A|$t MODIS % Sentinel-2 -8 GAF AL woeeremrmmmennens 20
T3 3.2.4. 20199 8Y 520 [CESat-29} Sentinel-29] ZZFAQ] HLIL i 21
T2 325 2 A2o]A FAISH meltpond BFX| QFTE]Z0] S 2 i 29
33 3.2.6. meltpond BA] ZA1tS Sentinel-29F vt A} W photon heightQ] BIL, e 23
72 3.2.7. Sentinel-2 49| meltpondZ} EA|SHS CF2 R|AS SFOSE O] O]R|, wwvrrevesrresssmmssrssninenns 24
721 3.3.1. ICESat-2 &8 20199 59 B3 meltpond EFR] ZT, e 27
731 3.3.2. ICESat-2 &8 20199 69 B meltpond EFR] ZT, e 28
O3 3.3.3. ICESat-2 &8 20199 79 = meltpond BEA] ZTf. o 29
T3] 3.3.4. ICESat-2 &8 20199 8Y B meltpond EFR] ZT, e 30
72 3.3.5. ICESat-2 &8 201949 99 T meltpond EFA] ZTh, e 31
J_Eﬁ] 336 2019‘_ ELE ICESat 2 _1‘__,]-7_<| _1'—_K_-]| E]J‘E‘_/;\_ ......................................................................................... 32
lE'EI] 337 20191.3 _.élﬂeﬂ NSIDC SIC J‘ﬂ—é_x].ﬁ .................................................................................................... 33
72 3.3.8. 20199 Y ERA-5 mean sea level pressure AJEAIRFE, s 34
I3 3.3.9. 201999 &¥ ERA-5 surface thermal radiation downwards AEAA AR, <o 35
72 3.3.10. 20199 ¥ ERA-5 2-meter temperature RJEAIRFE, s 36
T2 3.3.11. 20199 Y= ERA-5 total cloud Cover RJEAIRFEL. i 37
I 3.3.12. 2019'd &€ ERA-5 total column vertically-integrated water vapour Aj&AAt&. - 38
I3 3.3.13. 20199 (a)¥¥ (b)5-94 7HA| meltpond fractiond} A T IF AFHA G, v 39
I3 3.3.14. 20199 (a)¥¥ (b)5-9¥ 7AA| meltpond fractiony} 17§48 o]F I H4 IF A4 40
T2 3.3.15. 20129 ;:11__:'1. meltpond fraction L I D ettt 41
I3 3.3.16. 954 5= meltpondz QIst ¥ albedo Afo] Y BHF & FFQ FTIA. v 42
laﬁl 341 6HHC]_HO:E-7]- 50%0] [[HQJ DIVIf]oe_J }\]E_Eﬂo]}‘\j 75_‘4; ................................................................... 44
T8 3.4.2. DIVIZE Z-83810] AAFE]L FRL ZaALL o 44
T3 3.4.3. SAR S SE(F 50%)olA Syo] THHat o] ThE FFL gle] Wa} oA]. 45
2] 3.4.4. A o]z dARo] 9l Sentinel-2 L2 YA GAFO] GfJA]. srrvrrrrrrrssrmsssmissiisris 47
T2 3.4.5. Sentinel-2 949] Band29} Band82] H|Z &85t QIAIZF EJAE ZTf, i 48



T3 3.4.6. AAZE B OQUI-HITE LB AT} Of]A], eeeeeeremmsssrremmmssssessis 49
I3 3.4.7. 980 MY Ee]2 23t K-means clustering®] EJAE ZAT}, o, 50
T3 3.4.8. manual editing ZAIF OfA], weeeseressrmsiseii i 51
2] 3.4.9. reference & TR QOF, i 59
T8 3.4.10. AT reference AFE TL3, 54
lEE,'] 3411 F‘FI _7;3_%] C‘Q‘J__I_E/]% 7H‘?E']: é% E_}l!E_ ............................................................................................. 55
33 3.4.12. FFI &8 QEIE] ZAT}, oo 57
JEDJ 3413 GB EIHE] %_/F_%_QJ SHAP summary plot ..................................................................................... 58
JEDJ 3.4.14. 2018‘5 9% 9011:151 loﬁl 240177}”4 FFI "‘Z_]' ﬂﬂ'?j ............................................................... 59
T3 3.4.15. 20183 9Y 929 FFI A= Zu} @ MODIS BB A] O] R, reeererersesesenmsisniisisiiss 60
12 3.4.19. FFI o]cﬂig %?_]- SIC H:]E ]é 7].%1\-] 2]—0]% gqsL]- ﬁ—_r"x]oﬁd ............................................ 61
2 3.4.20. AR o] thst FFIQ} SICO U BB T L, oveveerererssrssii 62
2 3.5.1. SNAPS E3} thermal noise removal@t &&= SAR AP A& 2] ZATb, e 64
T2 352 A&7} EE HH O]0]R] L HVY O] O] ], wrrrreereerssseersssseesssiesisssssissssssssssssssenisssseniseseoos 65
93 353, QAFZIO| TH2 SHFARIA|Z RFO|2 HLAISE Z T, rrevvrrrrrrrrrrrrmssssssssssssssssssssssssissssssssssnsssssn 66
leé] 3.5.4. Textural noise correct1on0] @l_g‘% 7544. .................................................................................... 66
& 3.5.5. Sentinel-1 SAR A} denoising ZATF H] T, e 67
13 3.5.6. K-means clustering®]] AF8-¥ denoising® HV ©]0]X]t K-means clustering®] Zi}. - 67
J= 3.5.7. K-means clusteringo]] A9 denoising® HV o|0]x|e} AAIZL 7]& o]Zl&tsH o]u]X]. - 68
72 3.5.8. Kernal sizeS 22 X|A3t erosion FAF R Q ZATF, oo 69
12 359, Kernal size2 52 XAt erosion HAF FQ ZAT} e 70
33 3510, 27} LEE FFL I BIA QASE 1-8. ettt 71
32 3511, 27} 25 FFI AE A FOJA Go16, st siithresenseemsssssemmesss s sesmss s sesmesssseneens 79
O 3.5.12 1XRpd = FFl &4 du2]lEs Ay U £2AE FFL £24 L02]E0] A, o 73
33 3.5.13. FFI Z7F i8]l HEEAS 08} Q3L R|Q], crrrersrrmurerssemisssisssissss s 74
JEDJ 3514 FFI E7|_l SIC }\]7;“0221 %9’]. .................................................................................................................... 75
T3 3515 U 71&] th7]8t T8 QJAbo] TR GJHIQ] O E SHAIAF, e 76
2 3.5.16. 20209 49EE 9Y7HK] Beaufort 9] FFI Z7F THEL BIGH, overermminiisisccccs 77
a2 3.5.17. 20039 XE 202197HA] 99 Beafort sfofA]19] wind stress, ice drift speed, ocean
GEOSIrOPNIC flOW Tl T BT, rorrerr ettt e 77
l%] 3.5.18. 1:1:1_ K—];‘;ﬂf\]gﬂloﬂ [H?_]- ﬁﬁi‘f:.‘j 6% E_o:]a_ FFI 7;]5. ........................................................................ 79
18] 35,19, FEL BB K] IE, weoreresressessessessesses s 80
a4 3.6.1. &% Ofo] 3 2mo] ZufLof T-F water, FYI, MYI o A1Q] Emmisivity. «eeeeeeseeeeees 81
2 3.6.2. SAL 20| ExJ5H= AgHoA 2] AMSR2 89GHz R'EQ] HH7] Q& Zh wrrornrnine, 81
T2 3.6.3. 89GHz AAS AFL3 127} #8E wol 9 QL& OF @l 71Ol ATf H| L, e 82
T2 3.6.4. 201999 SIEZ} 71AF 2 J AR Qo[ AQ] QT ZTp H] L, wooveeemeseemssemssemsessssnas 83
72 3.6.5. 201999 SIEZ} 7P 2 Gap 7P AL Do A 0] sea ice age. e, 84
1% 366 20195 6%9] fgﬂ. FFI ........................................................................................................................ 84
JE]D 3 6 '7 SlmVP E%Q] ?__/T\_ ................................................................................................................................ 85
JEEI] 3.6.8 20231.:] 4%1 /\ﬂzxﬂ_'_q SIC Oﬂ§ 7E:1J—,_]. ................................................................................................. 86
JEDJ 3 6 9 Lead tlmeoﬂ [quE! EE“ 7]»9‘] A % 7;}0] H] ................................................................................. 87
T3 3.6.10 Lead timeo] T 20234 349 XPKT\}EQ o| 521}t 7t9] x}olo] F7t B vlw Z}- 88
T2 36.11 Lead timeol T2 2023 99| AxAlRo} o 54T 7te] xjojo] BZF Hm ul@ AT} 89
2] 3.6.12 Laptev Sea - Kara Sea 7Ho|A1Q] T Gl & ZATF, oeremremmsommsemssiss 89

_Xi_



H 1 2 AME

Aol WA 7FRstet A ddo] o, g4% 7 W 2 sl AFA
S W=t} Boe et al, (2009) 18719 7]1% mdo] o =3t f|H] WAL BAsle] 214

7l & 999 H=d& syo]l A gle Aeolgtar oS3 o, Coupled Model
Intercomparison Project Phase 5(CMIP5) R d& AFE3l9 S wj= 2xH ) okA 20304 o
5= A9l sea ice—freed} #5542 Zojgta oS5 Att (Wang et al,. 2012). 3™ 2] zF
= T

5 B FuA AUAFS F7}

B HF ExE e lead ¥4 2 meltpond fraction 42 F3l o]&o] 3iH
Hslel] m A= S wAska, o yolrt sl 2R AHE UEWE AEE Ak
49 A3 %4 (FFL, Floe Fragmentation Index)S 7H&&t= Aolth (29 1.1). lead 2

meltpond fraction?} ©}¥3t QW FE o] GBS FATOZN = e vl 4

Zol F2% 248 odE 4 lvh Ea, FFISH the ald ARz AALAN 2ol &
shepgroza s el FAR Wate] dA Aol oWMF SHS Am YEAE sesm

Y Lead ©X X M Meltpond EIX| ¥12|F
2R 24 oY H oS

‘ 2 7| §'Y ohEe} x| Fr AT \

FFl X| & 7% FFI Al 327 IjE 2 FFI2t Sy QIxpZH 2hakd B A

23 L1 & A #A1Yf A+ 7iE 52 R AA 9+ e

_’I_



M 2 & =de 7[e/igd A&
A1 A S Zleid 3%

Tl A A RE ZE5t] leaditS BASHE AT fIAAIRE Lee et al. (2016)°1 4=
CryoSat-2 7|9t &= &% freeboard?} +74E F437] 18] CryoSat-2 beam behavior <=
S FAe Aol - F 71eke] 7] AI8E52l decision trees®} random forestE #8314 lead
£ "HAete dadES MEsit dAA A4S 28 H= Y] lead B g 5ol
gk FAAQD A o] AR o] FoAAA Retar A= Ao, 53] lead® HH|(lead width)
U gRse 13 Fo g AbEEe]l AleHA & vk FFI A4 g 2 A 3A el A
e AAE = AREA AEEEZAN ATEA FeTh

Al 2 A =2 Jleid %

o e
H

=

3

[N

S.'l

leadoll thgt A4 Q1 HFA AL o] o]FofXX| ke HAA et}

Laxon ¢ (2013)2 CryoSat-2& ©ol&3dte] kst SIAIg S Z&ste] leads FA I
Ricker 5 (2014)= Laxon %5 (2013)°14] A} s ol F7Heke leadE
gxlakal 20139 349, 11¥9 W zZeE=9 fNFAE FHAS. shANE Ad el A
leade= ©hg3E AEl= EAsta Ao wet v=7] wiiEed Ady f=E adsiA @i A
A AFESHA W leadE LEAGA HeH olv 2 N ZoRIZof 7
S "olmE A "k Aol qith

Lee 9] (2016)> vtk 5= lead® 54& wadst7] 918 MODIS 4o = leads 3Hotst
3 2011-20143 3, 4€9] lead®] SAS W9 5 = 5719 WH(STD; Stack Standard

Oko
%
an)
E
&
2
v
il

4

Lo

Ay

H

Deviation, SS; Stack Skewness, SK; Stack Kurtosis, PP; Pulse peakiness, Backscatter
sigma-0)& Zt7} lead, ai®, sl tair F=sto] FHAARE AAdst 43 7ATF
decision trees ¢} random forestE AF&3}o] leadS ®©A3Fa 2011-20149 3, 4€2] &= iH
TR e=9 FAE FAIY. Lee ¢ (2018) CryoSat-2 lead waveform, % waveform=
Z}7Z} end-member & i1 waveform mixture analysis 7|8+ lead B4 ZdS F=30 (2

H 2.2.1).



78 N;{;)—- —’_"'" __'ﬂ e Nq(-;— ‘—!,_—— 1-;'] 0.9

. A _ 4E.l 0.8
ol | | oud g N o
%'I ‘%:;-.,“ l 3‘:’*'!' h‘-\ I‘ 0.6
( i \ X | ( \ § 0.5
24'I ! I 24'I !! . _\ | 0.4
' 5 0.3

"'-"
-——-_

1:-*-I'L: I’ I 1?{ 2 o
& : _\'1 &Y 0.1

1?901,-1; 128°W 127°W 126°W 125°W 1549°w 128°W 127°W 125°w 125°W

0

% 2.2.1. Waveform mixture €i12]5& ©]83 20151 10€ 10¥€ 9] leade} 31 <
H] &, a) lead H] S, b) dlW H] S (Lee ¢, 2018).

ICEsat (Ice Cloud Elevation satellite) :%=7] BA}F o] 3 ICEsats i 7 4 AF7)
ate] R, iy FAE Bk ZBgstA ©A st7] HEl leadE FA e A B T
8 Exa HAAHJY. ICEsat AA5E &8 leadE HASH] A3 o8 g Fol A=
g, Kwok & (2003)> ICEsat®x=¢} &A]7F 2] SAR(Synthetic Aperture Radar) A 55 &-&
ato] leads HAISFAA T AZ7E A A 5= SARAETE lofokRt lead ©HAI7F s AR
2] Alte] el AQF = ©Ho] ) Zwally & (2008)2 ICEsat Z =23} o] =o] & 319
2%9] E£olE leadd}t T3l o] WL leadE ZE SE7F wE - oy AT 9
et lead®] W&ol THE F e olFlS wrEsHA XsidveE @ilo] du wiA o=
Farrell & (2009)= 7tebstk AdA#LS &&sto] leadE ®AI8FA T

ICEsate dlo]A Z=AE AFE3tY] foot print7} FoF F+ & HAARE Al&doF A &=
= AW & F Jd3 20099 ol AAe] e mAdo] FEEHAT. 20108 ESA(European
Space Agency)ol Al lead &% AL E =o|7] 9ste] SAR 1EA ©AS CryoSat-2& EAL
akelth. 2010 ©] % CryoSat-25 &&3ste] &= i F75 v o= A4 +
getar St

lead ©%9} B0 lead?] YW E FAHS = AT7% FFTU Aoz FAE AT Wernecke
9} Kaleschke (2015)+= CryoSat-2% ©]-&3ke] ¢F 600m ©|4¢ HHIE 7HA & lead® YH|E
T3 5 o5 BEXE A3t CryoSat-23= 9F 300me] footprintE 714 7] wj&Fof lead?)
weknp A7) vreke] lead ©A AU AT leade] YHIE FE 4 Ao sHATE yH] 7t FH
4 600m ©]de] & R lead YHIW & 5 k= AIF 0] AT

A lead®] EF, @ T= AwIF wol] EAA &o}, Ice, Cloud, and land Elevation

Satellite-2 (ICESat-2) H| % 914 A5st MiRetr] oje® dAoe usjd= 3 a5 &

|

_3_



-

W

o
il
o
o
!

aolo
oy

m

)

el

—_—
"o

iy

&) = albedo-transmittance-melt

7141

J|

e

o]

Ding et al. (2019)

o

il
™

—_
fite)

—_—
o

[e]

AT AE 4717 B E P (2000-2017)4 2 9

712, 24H =, meltpond fraction

KeR
T

(2015)

}ith Istomina et al.

3|

=
=

g 7

o
o

o
il

o

=

]

s

(MPF)¢]

“\

W

1. September
1. September

1. July 1. August
1. August

1 July

1. june
1. jﬁne

<

(=2 ul=0ToR=l g =1 g =]

[5%] woyaesy puod jjaw

2.2.2).

R = -

(2 .] aumesaduwag

fis

ZH7HA 2|

1. August 1, September
A lead$} T

Tk olyl, A& -pond?

Fibol .

S

HH
R

[e)

1. July

1. June

18 2.2.2. Meltpond fraction, ¥ =, 2% A AYE W3l 19 (Istomina et al, 2015).



3. B5F &Y lead 2 §W 3 3| w3

o

SFA]

RSN

o}
=

2

=

o

£ oFlsk= A

()

dioll A7 3l

-
s

}

sttt ] yo}7} lead fraction®}t meltpond fraction©] 3H

o

o= 7lgEn

oY

il
)
o

e

(FSD, Floe

N
X

e fg =7]

oh5

of =R Al

)

o) Algsh 2] Apele] A

Size Distribution)¥

5|
pul

srldle ol v EAF.

&

S|
&

Al e vz

)

ke
T

Bateson et al. (2020)

,_._mo

i

N
)

Foh (28 2.23).

B

A7F At

Eis

gk

P
T

g4

| AlkE A Go}, Aol wet A3yt A



=- Basal melt

5000+

- Basal melt, predicted

—- Lateral melt

4000+

] I
I I
I |
I |
| =
=
I |
I [
“ /
o
1 / L@
I . \\__ o
1 s
I : '
~ K] \._\.
...rj-n.-.r -. W .\..\-_ m
e I e [=
~ | - e
.J.r./ L - \
~ ¥ 4
yo Al ..m____
LR ¥ >
V] L@
104 =
Bk
- k.
— 113
= 0 1
(i = 14 =
E = 1] s
ol 1!
o 0 |
[ =
L]
| _ c
Fm
=
o o - o o o o o
o o = o = o o
o o = o = = o
° & F T8 % F

LU ‘J|SLU SAIJEINWIND Ul 80UBIBKIQ

Month (2007-2016)

Hl_n.\ﬂ
_&O

o] 19 (Bateson et al., 2020).

=l

tol ek-glol=H

=%

MODIS %8t daolA A f38 AEow

kel
T

Buckley et al. (2024)

o (29 2.2.4).

S

g 8t

i, F= FSD9 A

A o} 3

B R ER

= =
=&

ﬁo

ol
s

i+
A

I

ol
Nfo

SHA 71 At

3|

o=

=

P
T

!

rvze)

-

a717F ARG 27

]

Y

oF



2024).

213 (Buckley et al.,

A
w
=

mw 5 m )

o

NOOES
Heler lamrw
(17}
Manked
Aaliom Lamim
Ll
Eirmale sy v
thrashald with T
(=0
Thesai'®
L1
WATER
Lnimiwni F'b!l-lﬂ
Taboalate Projetaed
A = 18 T
rieraity mean > 1807
=
e

[ ]
Land
Larwat?
[
Erode
Lt
Esparsd
]
O
98 37

HASE

™) E_E..__._Eurn fx...___...u:.._uw u.cnuuu.:un._.uua 7B
s OSSO - S ALY, -3



stk 53, Fuisle] ofe ARsbstel MENAT AT Bgeel Aol A& woluA 3
gon, B At APy BEe et 2o

127
ICESat-2 914 #5855 A= &85t
5= W9 lead ¥ meltpond”t dl® o] Wistel] v &= JFS A e W3t 9
A8 = 22 = I =
. 71321247} lead fraction®}
A lead B9 ¥ 34 | meltpond B L o] 5] y , o
' o = 1o _. o | meltpond fraction®ll ™| |=
OE]_JZEI'— 7H% = ?ﬂ@’é‘ —7“736}t olﬂﬂ‘ﬁvg ~ )
e TA S F ol 5]
& " lead fraction® 7N kske] meltpond fraction i i . i
] Wl mA e JFS
THEEE AT F Ae THEEE AT F e -
A ste] s o] W of S
AL Lo o) 718 uhg
48§
2
o

FFI A9 7Wdst Aol | FFI +74 ¢

= AAE AR 2 sy
2% nlolamat 94 9@ FFIZF 7+ 719 3liH 7] Ao HA u FR] &a
- = T’—‘_‘ ~
oy & &g A8 T R Zka Qe ] ;Eo x}ﬁtﬂ_x Oﬂi;O
Ke] ! il =
FFI %4 2n8% 1% =4 wy ; )

d F H & a + 2

51 o = IceBridge A% CAMBOT 33 4S &8s =S
IceBridge A&2 283 lead AZ S ]’r - S BN [ A
== AE lead AMEHE 3l 6,718719] lead ¥

i o AW AEE 359
A TY2E RIS 83l lead HA DL T
&

i

71 A18+E 7146t lead B4 24 7t

ICESat-29] lead ¥ W oA el EA|FES lead MES 4
=4 ojAe] o] H o FH

e $4Y
59 = ICESat-22] lead A ZA¥}E &L£53 A& leado
ICESat-28 83 lead UM &% a o ead 1 jﬂr &5t cad 9]
HHlg FEdte dues Ay




1) IceBridge A5 & &83 lead AE F&
ICESat-25 &&73t lead 84 & flote] nald® AMZFo] Had ICESat-29 33t 3=

© 5 emolA 4 em omE, A3 AELL FME /A ICESar-29 AAsHE A

s

o] AMES FRsoF st} upebA NASA IceBridge ® ¢ Continuous Airborne Mapping By
Optical Translator (CAMBOT) 134 %= AR E &85 = W lead SSHEA
9oz es et siY G Ay 20199 49 2 99 F 73]d] AA E= Greenland

2 o= A S, 1A T& #AFe o, F 7639789 AR E 7] st E A st
Al &3k Jtt  (IceBridge CAMBOT L1B  Geolocated Images, Version 2,
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A== 20199 99 99 FaA g Greenland A9 dF#FA5 109014 &8st 55 @Y
leadE *<Qt&A8aL, red band®] WHALE 548 &&sto] AlEF ATk (L4 3.1.0).
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¥ 3.2.1 Tilling et al. (2020)°1 4 +4]3%t ICESat-2 -8 meltpond reference il 34

Date of | Atime (wrt | Cloud | Shift )
o Tile ID ) ) Location
acquisition ICESat-2) | cover | (m/direction)
26/07/2019 T14XMQ | —28 min 7% 230 m/N240°
26/07/2019 T13XE] —28 min 3% 310 m/N237° Canadian Archipelago, N. of
Eureka (multiyear ice)
05/08/2019 T11XMK | —4 min 9% Not applied
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Mean melt-pond fraction (percentage)

a3 3.3.15. 20129 = meltpond fraction &3
% (Schroder et al. (2014)2] Figure 2b)

71%zke] Ag-, dg gz npel o] H¥EF2% (T2m, STRD) % albedo (proxy
variable: TCC)¢} roln|al AAAAZS 7IR= Zoez Iz o (Malinka et al, 2016;

Zege et al., 2015; Istomina et al., 2015), & AGo|A E=&3 AJdAA e} o] FH 7| sta}
o] &9 ABRAAEZ Holx= AL FAsdrk. Td MSL W49 A-$ sea ice thinningZE ©F
718t A2 de g8 der (Kwok and Untersteiner, 2011) &R 7]l A wWoA &=
meltpond”} albedo®] A E 74 2.3 surface runoff % water vapor (TCWVS)2] & Ao o
S A= Aog deA Jdrh(Kwok and Untersteiner, 2011) (2@ 3.3.16). ¥ AFolA =
MSL¥} g 39 Blgo] & AAAAE 7AW, g877F gl wet 2 FaAs7E 2

adhe Ao eht, 9%l AH Hadtt A4S FASR

-

J U
off
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FRACTION OF ICE UNDER MELT WATER
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1) FFI A& AL 2 FFI A& ¢ & reference +5

(1) FFI A& &

71 a0 gAste] tig A9 FSDe F19] 2718 A deite] AaaAE vER
= delth ol HEso FuHE Wi glon, 1 7E7|9 W E=ite FuaAE A
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sl)
At= dl'd scened] & WA oustH, Aivs dld AATe] WAS ou|gtl DIVI 2Rt
ox= A Fol Wef AEE= Hel ojewol lernz HH3t o] Aasiy,

3 HAFE Tl e TS e 2o

N
X
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DIVIﬂoe—lOgﬁ)(Z(Al) )
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A 42 Bl QolAE gel ol B WAS FARY] As) ABUAS AYstg o
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1-piece 2-piece 3-piece 4-piece 5-piece

=2.41 NFEB D =293 = 2.95 NFBE
i BE | 00

Leading piece size

3
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iofmlm
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%ofseaine

29 341 AWEES} 50%% W] DIVIgel AEelold A $2oz 2
72 g x7e] b Beluu, oldlE YHZSE Hg 2 FHe 2]

7} Ao,

a9 3412 S8 &4

i)

T A%l scenes TASE FHY FUF SUMESE, a2
sceneoll Al 74 2 1o =77} Fold¢E DIVIfloed kol Z713lt) ol= #Wo] w# 3}
A5 A3g9 gro] wEtA FTrbske S 9w gt sk Rk o]y g DIVIfloe: 3ll'd scene<

AR wimol mEbA o ogho] Eebd 4 9low, o) shuel SHE AERA A8 o
wol vk wiell, 19 3429 22 AS &Este] AxE HATFoRA Y Fol B
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2 2
FF1= —log(207) -—lugE( fresgmenaree) )
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o) + DIVIny,
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olgA MEE A= ABHNHNS Ed stAol dFHUY A EtE A BT Ald S
witell, 7o s AA A s F sl

spelshof ek FFIL SICO] #Agle] A2 A5ahed] ot o8 B7sh] 814 SIC

(c) FFI = 2.47 (d) FFI = 3.04
™ 343 FARE iR wm(eF 50%) A el dsk ool whE FEL kel sk o Al

- 44 -



(2) Sentinel-2 LT FFYAH S F L3 reference +=

7y7lel et & 809 Sentinel-2 H3t 94 G4E Fwakgor, ol FFI 75 2 F

¥ 34.1. FFI 4% $13 reference 750 &84 Sentinel-2 3% 4 A5 QoF

Level/ Processing baseline/

Mission Sensing data relative orbit/ tile number
Sentinel-2 A 2018.06.03 L2/ 02.06/ 100/ TOOXWC
2019.06.07 L2/ 02.07/ 086/ TOOXWE

2018.06.02 L2/ 02.06/ 014/ TOOXWB

L2/ 02.07/ 129/ TOSXNL
L2/ 02.12/ 129/ TO9XVE
L2/ 02.13/ 129/ T10XDK
2019.09.03 L2/ 02.08/ 129/ TOOXWE
L2/ 02.13/ 129/ TOOXWE

2019.06.05

Sentinel-2B
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dlell gle] of el o
Atk et o m= fFHo] EHHANE Aes 5 F Aoy, d4S Fiste] AAE] B
ooy =23 AL o] JA d9(IimE AR dAx e B9E 9T F Ao (2
d 344). wiel FFI F4& 9% reference = A= vt 22
Sentinel-2 914 @7+el A2 Aol Aasith a) AAF 718 FRH-vd 13 S b) B[A

Sentinel-2 %3t YA raw Ho]E RS 2 = reference A}
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-
4
<

ftlo
o

.
a-

1o

e B9 A4 29 o {9 2L BH F4Y 54

_45_



a9 344, J4A G492 AAT o] = Sentinel-2 L2 9149342 oAl (band
2). Fetow dud uo= oy sfo] f

fMoz SlEAw, 04 9w o
755101 9}10% = ZBlj:ﬂi}_ X—}(ﬁoﬂ/‘ilﬁ 2= %HO]%O] L P k= ?_].él%]

T3 vgE RS 914 AHA S 2 Sentinel-2 214 2] band2(0.490um) ¢ Band&(0.842
m)e] HlE &gt AARES AAsaA Fon, e A AAHRES HEE 3o
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8 original

a9 345 ¥ wg T
Ak HAE 23 =

S AAR (03D = i 22 A7 50l SAHAA st FHd AATH EA
U (2" 346(0). =2 dAIF (050)AM = stu= S Ee¥A &skd FHEe] & &
Prs BEgs Boy, & a9 e 8% BS
A A, 25 sAeR e oY YR A= Ae #AE v (2H
346(c). Wb A4 A Sote] F-nkd

o},
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original

2 347, % AAEZE 913 K-means clustering®] B|AE A3 $= o] $3}
= clustering 71 9] cluster 52 <|wn| 3},

[e)
Tr]:lo_

P
I
=y
iz

7} K-means clustering<

S92 Adso i A7t o 92

A= '/'IY: N\E]' (—‘11?):1 340(8)) T’LH’E‘OH ‘9'5‘
N thE AAel A u Aol
= A1 AAS FdeAT (LE 3.4.8(b)).
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(a) AAIZE 719t Sul-sBith L23F K-means

b | editingS 22313t Az
clusteringo] 2.5 &L= Au} oA (b) manual editingg 2885 Aut
19 3.4.8. manual editing 23} o A].

of

8719 Aol uste] AAZ 7EF §

o
td

o=z ua7 Ay gt (19 34.10).
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H-nt} F8 K-means clustering, manual editing
T st on (19 349), reference AARE &8317] ol Fitol WA= nan %




19 3.4.9. reference 75 HA 8.¢F (a) raw Sentinel-2 ©]#]
], (b) AARE 718k & 23, (¢) K-means clustering 2 2},
d #H=E 23
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(c) scene #3 (d) scene #4
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(e) scene #5

(g) scene #7

a9 34.10. +549 reference A5 19.

< nanat= oy s

= _l.. pr i .
y TR 1 -.:__ S,
- :@f Tty W
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2) FFI 373 &g F 7Ax
(1) FFI &4 <z F A
Sentinel-2 B3t S -85t reference AAEE TFAAN, AW EAY 59

e A e ARE ASShE dole dAVE Ak Wi, B ET 75 5 71 EY

2

om A% ol e FF vielAmst 4o e vre

59 oY AEEEC AEH: Uk FFI 4 dagEe 94 DFFI A B =
reference 752} indexing I}+E <} AMSR2 A= 9} 7|AIE5S 83 modeling JEZ
v (19 3.4.11).
Indexing part
Sentinel2 <Floe Segmentation>

Images
1, Classification by thresholds
1 (Using B2 & BS of Sentinel-2)

2, Unsupervised Clustering
FIDE (K-means clustering)

Segmentation

!

3. Manual pixel editing(visual inspection)

Image crop
(AMSR2 grid;
10km) 1 Modeling part |-
Input vars
AMSR2
m:le e " Pol Ratio
.g((Tﬁ) ) DIVijte earning - Pol Diff
- Grad Ratio
Mapping > Analysis

7% 34.11. FFI +4 <18+ M 55 2L

reference A5 Z5FE AAtE 10km x 10km 28] =9 FFIE £5WH 542 511 AMSR2 AlA
o] AYFHE F 10km 2= A= 7H7he AEES ALEE PD, PR, GR #ES 8w
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Z A}839 Y (F 34.2).

¥ 342. FFI 2o Algd g4 &

=

Variable Name Description
Polarization difference of 23.8GHz
PD23 _
bands (Kelvin)
Polarization difference of 36.5GHz
PD36 :
bands (Kelvin)
Polarization difference of 89,0GHz
PDg&9 .
bands (Kelvin)
Polarization ratio of 23.8GHz bands
PR23 '
(unitless)
Polarization ratio of 36.5GHz bands
PR36 .
(unitless)
Polarization ratio of 89.0GHz bands
PR8&9 )
(unitless)
Gradient ratio of 23.8GHz and
GR2336V/H 36.5GHz vertical/horizontal bands
(unitless)
Gradient ratio of 23.8GHz and
GR2389V/H 89.0GHz vertical/horizontal bands
(unitless)
Gradient ratio of 36.5GHz and
GR3689V/H 89.0GHz vertical/horizontal bands
(unitless)
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¢l RFéF GB Rdo] £2 AHes HoF0oem, GB7F RFE U R2e14 0.27, RMSECA 0.048
WE U FS 45e Ak 9 F wdd v SVRY A% guHor we 45g g

), 77he] WSS BRI Alole] Azl Watelx shou oy WiSo BgHon 4

Support vector
Random Forest Gradient boosting regression
4+ 47 F.
R2 = 0.916 R2 = 0.943 R2 = 0.646
RMSE = 0.268 RMSE = 0.22 RMSE = 0.549
E 3! ¥y =0.861x 0.295 a"z 3! ¥ =0845x0.137 3|y = 0.682x I:I.?CI?'“,I' -
u— . L] " -' ‘_j"""";-
od - - .
._I. 2 N » 2} 21 . ?‘.'.L N
@ . . ® .
= /{ . f’f;i:“ :
- . o .
E 1 l'.ﬁ‘:. 1 1 .’/.-’f'..I -'.- L] 1"
@ x/,'i?. . I T .,
wn U A s .,
[ iata . . . | i L . . v | Ol = . . .
0 1 2 3 4 0 1 2 3 4 0 1 2 3

ML predicted

a9 34.12. FFI 4 2d 43

st A=rh 22 AL AT 2o ukde] 49 22 GR ghEel disiA = FFI7F stobA
= WFE forcing sk s AL dew, o= FHe s RV Wue s 9
|2t
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High

GR3689V ”Mw,ﬁrm .
GR2389H B L Tt re ¥ — e
GR3689H - 3 namsetutmeunem e

PR23  somemo e 5 o KT e o
GR2336V --.r.-..ﬂ,;ﬁt;gﬁ: —_— .

PR36 aﬁh_ %
GR2389V "ﬂﬁ"ﬂ""'"“-- . %

PD23 __%vl_uﬁ__ . . &
GR2336H ."......u;.;—ﬂ{_.,__._,_

PD89 .__‘._,g‘._a,a.__

PR89 --m“;g,u...

PD36 . --qu-

Low

06 -04 -02 00 02 04 06 08
SHAP value (impact on model output)

a9 34.13. GB 22 W4E9 SHAP summary plot

(2) FF1 4 413 F H7}

A E5A A tiste] FFIO ¥7H3 'S Flskz] 98 201849 99 9UHE 10¥ 24¢
7FA] FFI vl 8& a8ttt (17 34.14). 9 717k 7717 Eval sio] thA] doj#
T AR e WAl MR oA WolAE AL A 4 gl 19k FAlel, sl
Wedogeo] 7hdAe] ¥ FFI o] A Solxle BHS #8038 4 3t meltpond 522 <l
8l F2E7E FFIL o]l Assts A% AN 4R 7PdAtert o sdsisoe] e =
55 Fod F ok 3 20189 99 9Yl
o, sio]l ZA A3} Ho] Y= A FFI/F 493 =& S vz gon a9

stAssh waa 9 Aol dsHE v FFIge fAste dE e &4 + 9 (2
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2662

— 0.009

A : ’h
% 34.14. 20183 9¥ 94 F-H 109€ 249 71%| 9] FFI &7k ¥
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18.09.09

(b) MODIS #8t9]4] o]0]A]

:n-w ? ;. @?’ W ' w‘;,-
D)o ef g3t AE Ao} MODIS (c) (a).(b)olAQ] mek AFx} x]%le] MODIS
ojm]A] o]u] x|

1% 34.15. 20189 949 99 9] FFI A= 23 51 MODIS 338974 o]n 4]

t}. old] 3 IE = Siberian Shelf X o] 9= Laptevsl ¢ East Siberiand] el 79 112HH o]
2y 554 wdozo dFrF o, siWel fdol H& A Holgla, o] Laptevall ¢} East

& day of year (DOY) 150-2405 A7t e® AAste e Eds &4 F35 g

Uk @b e e SICe] A o|WlES) ofo] M #sh= FFI WeFole] &l Fa dAdS &



H
A= 713ke] Bd As Fdesiy (19 3
Wt 2020 ARl S Sell, FRIO) v dAQl dSs &l fdasnee SICY| fHae] 544

, 20199 AtElE Fell, FFIS] gto] =7 w417 5= 3=

of

I s A = SICE]
Ao dAFA4E gkt 20199 2021 o= AFA 9] AL 7|ZF warm anomaly”Zt &
Aol =Aar, oo me} WX vlgo] HWolx s Iste] wet lateral meltingo] A4

FE2T 9o, A7 ALY /e % AYgeel hE wels BgHow

1% 34.19. FFI 91925 53 SIC WE o5 7Hed &<l

A AFAY. Siberian Shelf #9°] Lapteval$} East
Siberian3l| & 233}

KeN
=
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{a) 2018%1

_1W W Sea ke concentration (SIC) 1 B E
3 SIC & -3.56%/day B: Floe Fragment Index (FFT) 5
E ‘E
s 163
: §
[ =4
8 1.4=
E FFI 4 &: +0.09 fday E
FFl WS = 0.0045 fday
§ FFl M8 = 0.035/day 12 g
i SIC EWE s -0.82%/ day
SIC B = 1.32%/day 38
0 102
150 160 170 180 190 200 210 220 230 240
(b) 20194 Day Of Year
100 189
i SIC Fak: -4.1%/day =
§ % 163
£ X
£ 60 PR RE 2 871 -
3 SIC Wik -2 7% day 14=
5 a0 FFI 4@ +0.08 jday €
e FFl EWE = 00030 /d > EEII
2HE = fday 1.
E 20 FFl 9§ = 0.025/day E
& SIC EME = .0.88%/day @
0 Sic WE = 1.68/day 102
150 160 170 180 190 200 210 220 230 240
{c) 202014 Day Of Year
=100 189
E SIC T -1,9%/day ;f:
= 80 =
S 16 2
[ »
£ g0 PRl EME = 00020 /day ]
& FFI 8 = 0.032/day s E
£ SIC EWE - .083%/day =
i B SIC B8 = 1.46/day 3
§ 20 FF1 &% +0005 fday 1.2 E
‘E w
0 1.0 %
150 160 170 180 190 200 210 220 230 240
(d) 202144 Day Of Year
w
§‘1M SIC T2 -2 1%/ day 18 2
é 80 163
£ w g
8 FFl SHE - 00031 day , . E
£ FFI ME = 0.032 day €
S 40 SIC BEE = .0.99%/day =
p SIC WE = 1.47/day E
g .o 12 2
= Ll
- FFI 48 +0.12 /day I-;
@ 5]
o 10

150 160 170 180 1480 200 210 220 230 240
Day Of Year

a9 3.4.20. Ag-A el g FFISF SICe 3+ W3t 12, (a)2018,
(b)20194, (c)2020, (d)2021'd.

A 5 A FFL A2 sie 24
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4 7 U & a F+ 2 3
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rir
o

o
f

TE5 59 AAEZ s FHS5 A~

SAR 47S @83 FFI reference |7]4¥F FFI reference% Bekslr] Y8 F7} referenceE

A% 5 F7F g AR 75 | 758LAF SH3lS. Sentinel-1 SAR M dE 9= &
o

F7F8 FFI references &-83}], FFl 4 <
WA® FFL 574 dads A S4 700 sdssion, 1ahd = 717Es FFl 574
g3 Ae s FH8A=.

B3l Selu FR/F AU Qs FTE S Aol 2
DA% RIS sFow Bz ZAHdy oBAA
FFIS] Z7F w8l AjEEA -*1\4' ::’T’_IU 7]‘1_% :'TE—I 5 OHﬁJ’]‘HQ];]-;/
7ol zkol7t EASkE MG E Wt AR EA4S

AFL717ke] thske] FFIQ] AAIE WHE .
| MmE ESAA AFGAA FFIY Eﬂ%"%‘i ylotsl 1,

AQASA G M FEH S SIS,

FFIo) =8 sjd A 584

2

1) FFI 33 <xgF AA

(1) SAR A2 & €8% 7} FFI AL 75

12hd =¢8] FFI 4 daugss MEdetr] s 758 d3 a2+ Sentinel-2 33914
Atgw 7|Nke] Atgolth F 9 ARE &Eoto] HHAx 5
I dege TR E e ARl dod, 7EY dFS A Y] el 4S FASc
= "l oEzo] o, shte] AES wE wol AQE= AFke] vl
R FEo S Wk k= Synthetic Aperture Radar (SAR) JA4S &838le] dydas
T-=starak skl

SAR 972 speckle =o]l=eh= S Fhgol Aol ok wZdll, v i 5ol 288t
7] felA= Adek dAE] Bgo] otk SAR F4Y AAEE AEE = SebvE Eof
web T A gho] gepA 7] wioll, ATtAke] wepA oW o] Aolstth wEbA, AT
T2 XAbste] AggE SAR 9 dAe WS AR stz skl

Khaleghian et al.,, (2021)< Sentinel-1 SAR %73 Convolutional Neural Network (CNN)
S Z8&3te] sea ice B ATE FHEATE SAR IS HdAE 3dt7] 9kl European

x

o
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Space Agency (ESA)olA #|&3t= Sentinel 914 *7] X =223 SeNtinel Application
Platform (SNAP)& AF&3tg o, t& A 23 §lo] thermal noise removal &g 5w &
&ttt T SAR G WEES opFtolBe Ffetdlon, dA == & v 84
T A vl g5 d AES SAPUS W, SAR G4 wol=rt e AAHA #FS As &

A 5 glom, AP Hrel vste] FH AN Aol VoY Ao @At (19

13 35.1. SNAPS %3+ thermal noise removal?t #-8¥ SAR A4 dxe 4
I FAAe FEHE of# SAR G/de Feol Heolde AHE EAT F e

(Khaleghian et al., 2021)
Song et al, (2021) SAR <943 Residual Neural Network”’} (RNN) % Long

Short-Term Memory (LSTM) 7|HS #8319 sea ice +FE T3t SAR I35+
Sentinel-1 914 94E& A&t o, =& v Ao gigk AAE A5E AL

Khaleghian et al., (2021)3 w}zk7}x]2 SNAP X2 19S A3 AW, thermal noise

removal ¥4to] o}y e} radiometric calibration, range-Dopple and terrain correction 592
7F B APS S5t SRR 29d 35204 &2d = g%l oA JAUE
subswath Ake] A HFEHZ SAR Fwol Holde A4S AT 5 Ao A A &

PN
o F7} Aglo] Wad Ao wurHv)
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a9 352, AAe7E gduE HH o|vA (£1) 2 HV oA (o). 24 Fefo] 5ol
o8] EAsk, 538 HV olu]AolA zhgo] 47 F& Hobsl+. (Song et al, 2021)

Park et al, (20202 SAR 9& Z8&3 sea ice type w7 ATE T 2l
Sentitnel-1 SAR 94+e] denoising WHS 3ttt Park et al., (2018)9} Korosov et al.,

(2022)°1 41 7W2+3 thermal noise removal 2 textual noise removals &-83to] &S A A3

o

qom, ofF YAzt B B "Hax EA ANE FdEl, SAR Yo RRE B3 d5S TR
&9t Open ocean® Pack Ice Alole] QIAbzho] wa Fulabelzd: 2ol =

S5 BATeRy ol F AyEAM AT F

FE0l AT A" AL FAT 5+ vk (2" 353, 354). T o]l AN A

F QRS soldl H7IAsh a4l DESS github® Beke] Tt

_64_



Uncorrected Dencised (ESA) — Denoised (proposed)

-20
22t
ol Open Ocean
— =P
% L
8 - J
S -a2 ——
o R
S -
S -
g @ S £ % @ “
O
g T '
= 2 Pack Ice
|
8 =
[%}
m 23
[a] |
b -
—axl _H_H“‘—m
-26
20 = 30 a5 a0 %
Incidence Angle
27 353, YAl W FakaAg Aels: wAF Ak

Denoising ©]7 3 7] ESAS] denoising ZZ9} Hlal 3%
ol o] Folxl A & 5 S, (Park

& 4Pd )

Local standard deviation
M ]
0.0000 0.0002 0.0004 0.0006 0.0008 0.0010 0.000 0.001 0.002 0.003 0.004 0.005

19 35.4. Textural noise correction®] A 8% A3} oA F AFEoA FAAFHJY FF %
FEfe] ol A9 ARl AE g0 4 5. (Park et al, 2019)

Park et al, (2020)°] AIAgF SAR 97 dAglol AM&€ dold H7|x =2 dA 480l 7}
sotH, AA Sentinel-1 SAR G-l H&ske] dAg A3 Fof F4s vusdrh. (29

355). 9 A3 vlwsle] ©<=3d] denoisingt A& S E B Ao speckle #
&7 subswath Abolel A WASt= 72 FeHo o] ARl A& &A= Q. F7tE
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1Y 355. Sentinel-1 SAR %4 denoising 23 ®HlW ¥, (a) raw SAR 94, (b) 1x+
denoising 23}, (¢) YAz 48 23},

oz e AAE Eeldllles WY 5 $7FA Q] K-means clusterings HAEE. K
clustering= Fo]X HolHE k/le &R o2 Ure HA R st dagFold, 24 31 &
NS 7IEoE HolHE Iw3dE A SR AoRE uolE gn olF 3 W b
olH ] Azl AtolE Haslste WA owE HAHsfeth YHAFEEA denoising® HH, HV
= a7 3567 2o Al e FHaE FE 2
e FHa2 FE] He AS
woletal 7 s dwol, /M #F o] He AL

So] Ad¥o] FFIZ As7lo] o2l gol itk

f

Clustering result (3 class)

-10.0

Cluster Label

F-125

r—-15.0

r=17.5

r—20.0

%9 356. K-means clustering®] AF&% () denoising® HV o]u[#] ¢} (%) K-means
clustering @] 23}
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99} 28 k-means clustering Z23E= 28 deAxgtx SAR 215 zpol7} EA187] W
wolth (29 357). 54 UA#HES 71+ 2 denoising® SAR °|VAE 03} 12 o EF3}
RNe w, o] Fa ATt oFs A9 FHoA FEe o FHES AT & o,

g Aok wiel d5o] %

Binarized image

- 0.8

- 0.6
-10.0

F-12.5
0.4

r—15.0
0.2

1

r—20.0

1% 35.7. K-means clustermgoﬂ AFEH (F) denoising® HV oluj# ¢} (%) 3t -15 7|+2
2 ol gt o]uA], 2EAA A o] Fujdor dFo AETt FeHAHS F2A4A A Yo
A or g8 257t Z3AdE e,

SAR olu#] oA Bt} gax oz AAEHE 7] YA morphology AAHS =33}
At morphology 94k ojux] Ao A EA2 P} FRE 7|NtoRE WES

Holw, o]std oju Ao Hgd 4 Uk wmol= AA, d9AY e S & T

o
fl
)
o

|
N
ot
20
rr
o%

+

B
Ao, kernal size®} iterations WA 7IHAA H A5 S AT 5 Q)
AAS gRHoz Bald7] Y3l erosion GAHS 33T} erosion A4S &4 9

A Zohle Aitolm, 4 JAER Adse] Ju FWES Aokt RO 24§

y 1

ADE Ag3Act. H A9 kernal size®l iterationS A7] & HAEES F3ydAct (19
35.8, 35.9). Kernal size®} interatione ¥ %=stAl AAS AS- Zodyries 4
FFIZF #di5=42 4 dom Al-d s webr 718 X33t kernal size®} iterationo] Tt
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200 {4

400 A

0 200 400 600 800

Kernal size : 2 iteration: 3

600

800

0 200 400 600 800

19 35.8. Kernal sizeE 22 A A3+ erosion G2 48 Ay
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0 Kernal size : 5 iteration: 1

400 +:.

200 400 600 800
Kernal size : 5 iteration : 4

19 359% iterationo] AEF=HSF
= AS Rl wZEdd Aolx~ERE FU A AAHS AFS
H F 16719 Aolzef st F7t FARE &

3.5.11).
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9 35.10. F7F =% FFI @392 case 178
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Case 10
S A P

1% 3511, 7 -9 FFI dl9 @2~ Ao~ 9716

_7‘]_



(2) FF1 & ¢1dF Md € 23 &4
F7F8 SAR 7]%F FFI dl#9f125S &&35te] 1xd o] /I FFI 4 dags 5 7t
T £ ASS 5ol 2718 g8 (Gradient boosting =2, PD'PR'-GR ¥4 Al8) FFIE
Akt (¥ 3512). Bl o2 SAR 7]¥ FFI dl¥ @2 A8 E ALgex] e nds A}
gatgiet
. Original Sample added
(a) (b)
o
L
N .
L 2]
c
'4: [ ] - =
© “bias =0.03 bias = 0.09
v ubRMSD = 0.25 » . “ ubRMSD = 0.40
R=0.96 . s e R=0.90
y=1.08x—-0.17 - 2 .°y=0.99x-0.06
% 2 4 0 - 2

Modeled FFI

a9 3512 (a) 71 1A% FFI 4
® FFI 4 <augse 27

daglE 23 3 (b) SAR 7IRF FFI #¥ 27 F7}

AMZol F7kd e (S2)7F 71E 1Ahd =] 2d (Sl H|8iA] bias, ubRMSD, R 5] A

oA eR g Aes B A, F FAEe] & AolE Holal Sl AL ofyH,
AMZ Fo] F7t2 A dd® Aol S2& Slol| Bl 9 He ¥ dF 3 H9E
Hola lom o] o) nis] AFo Ad B o] vy witel A AR #
dEn Al ow e ghe] Mol s =2 wo WeldAAe gy A FAHst= Aol
= AL 3189 tE ©]= morphology GAte & ¢la] 2 =7]9] o] EA8E meltpond 5
o] =] WA Aot}

2) FFI A& e £4

(1) FFI &3 sid A7 24

FFI= 55 SAFoA Aoz Fades O gho] Eokxe A3ds Yehin, Fd o 1
A FFIZE Fdid o2 s o el =ob glojzivy, ARt FFIZF wool= &skal a1

o]

o} glojAA @




I g&

gkl (19 3.5.13).
M= AR (A =) &

[e)

Tl e

Ao el AR o go] A

st AL

Sea of
Okhotsk

East
Siberian
Sea Laptev

Sea

Chukchi
Sea

L )

Kara

Arctic
Ocean

Beaufort
[ 18

Caradidn
ArchipelagQ

Lincoln

Sea Fram

Strait

Gree
Baffin
Bay

Hudson
Bay

Gulf of
StuLawrence

Sea

Barents
Sea

n-

land
Sea

afi=)el Ha o

2 Beafort 3H

12

National Snow and Ice Data Center, Boulder, CO

219 35.13. FFI 33t A9 AREAS 918 A7 A9 289, He g4
FFIb % &ole B78a dgo] ol glojA @ A9, wet gt
O A nel F5F I AP melt A
AWA Aol dsl MODIS %3 93% @7 Bl AR B4 Fasdn (1Y
35.14). 20209 6€¥ 159 7] FFI] 3322 1o SHAFeA Fuix e vl o4



o8 F& FE Hola 9lom, MODIS 974 oA 433 dHst Hol = S gels)
A}l AT oF & & Fol 79 8YU 7|FOoR =L o B¥E nd I A nH

Fo] FFIZ7F B =& g nlon, 89 49d+= tA FA4A 9G] FFIZF 58ty Fuiol
ol AlghHTh ol ¥k '] YERUE ol K& A S H5AY sl

dEE APAFE Fgestgrt (¥ 3515). Zhang et al, (2022)= oJ&%F H =4 Dipole

o

S
ok

_—

Anomaly (DA), Central Arctic Index (CAI), Beaufort High (BA)7} =&4 < &9 4= 2zt

39S u (FEHA7F 1Rt F o)), Transpolar Drift Stream (TDS)7F Atz o2 oFaf x| =

wet B3 FYReIA gBAGo e Ay SAde]l WAT & Utk W, 1Y 364 7]
Fom 9%eA oEZom Aol A%AN &Holn gor], old we ke FFIE 19
o= Byehi, WA %X 9 Aol Pelgt AL HAstdlnt

MODIS

FFI
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AO+sd BH+sd

(k) 100w 1R 150°E 1) 150w e

DaA+sd

() psoew 150

150°E

Summer

004 006 008 0.1 012  01ms
sea ice speed (m/s)

29 3515, Yl 7FA W7]<3F 9"l dipole anmaly (DA), central arctic index (CAI), arctic
oscillation (AO), Beaufort high (BA)2] &, = $4e M2 ajye] ol A4 19, (Zhang
et al., 2022)

0.02

oA AR iEiA = 20200 49 F-E 9€97HA o] FHES AT (1F 35.16).
g A2 Beaufort gyreZt vl 2 S 71A= AdolH, 1d W aFE wet AA W
go=z o] o]ttt Timmermans et al, (2023)2 &= Beaufort 3l 92| gyred W& =
gl FrE s EA8 o, 53] wind stress, ice drift speed, ocean geostrophic flow 7}

Aol = Wako] FFIZ7F W3lsl= BEH53 AT (719 3.5.17). Dynamic ocean topography 7F

3
w2 A9s FAoE dF7 ey se, T FFIE 2 gs A8k ki,
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A
Fom Wakstal gl

September 2003-2021 100

EREEEERERE

(w) Aydesbodoy ueadro Jweudg

o8

a9 35.17. 20039 FE 2021374 99 Beafort d S oA el wind stress, ice drift speed,
ocean geostrophic flow vt #HE. A|ALFo = st om, 3k siedo] g x99
FFI &7t & 3 fAFSE 258 veb a2 ¢1S. (Timmermans et al., 2023)

_76_



(2) FFI 4= dd A5 &4
5ol Z7] AlAstE 69l tiste] 2018AH-E 2021W7HA] A3 FFIZF o9 A Wslsl=
Aol e B3R (28 3518). A=z Ze Zo|Ank 5
sta glom, g E A FIhAEe] Aold RS et B FA ol HEiA 9
2199 FFI o] ®shrt FeeiAm, si9d= FFI
71§18 A=W ol WX o] FFI W3l AEE 23kt (17 3.5.19). 20181 H] 3l A
201992 &= Ak giafjA FFIZF A58t AS &2lsksith. National Snow and Ice Data
Center (NSIDC)ell A ®id 233} Arctic report 20199 w2, 2019118 19354 o] & 3
el gt vol7k 73 o™ 2 7]SHE vk e, e o] volrt ofgd HuH A 9t
HA3ztE 4 9= o] FFI 2Ato whed®l Aoz #AHth Arctic report 20200 w24 A A
ZhEell A AEFE = 20199 12958 2020 5] FH R F& 7]2o|glen, ofd upz}
2019\ el A ElE wstol] vla] 1 FA=E7F 2 Zow dkdn vy oA oR

o,
(e
ot
~
2
[r
ol
H

o
+
N
[40
N
Lo
[-'O
_OL

A FFL ftel AARt S7hehe Bepe Hav] wiel, ofe digh F7heAe] st
report 20218 Fram straito & Wz v7bs= sl doll Ao sfo] odol] B3] 1m o]Are
dad oz Bustdth Y Y] AWNES dFE 2dyoes FAHo] o, I F

A7t BogA R R gkol HA A FFI w7t 24 debd oz sder

N
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2018 (FFI:1.3023) 2019 (FFI:1.3204)

FFI

2021 (FFI:1.3516)

1.4

1.2

a9 3518, 55 AAA A et A= 69 i FFI A=, Ax7l Ao ug} 22 Zo)
A9k FFI gro]l AAd ez Frlsta ow, 53] 7HAtg] e eyt =3 A YErd.
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2019 - 2018 2020 - 2019 2021 - 2020

=1.00 =0.75 =0.50 =0.25 ' 0.00 ' 0.25 0.50 0.75 1.00
FFl difference

% 35.19. FFI ®3F A= 29, (a) 201993 20189 =bo], (b) 20203 2019 9] *}ol,
(c) 202137} 202013 €] =}o].

2 6 A FFI9} Q=) 7he] Abmba

a 7+ uH & a T+ A F
9

FFI$} s 1Ak AE B3 FFIS} sid)elat 7o) AJA|E sk BA

FFI¢} W1} 7He] S A | B2 E HIES oy g9 FrIet siydAf 3
w4 o gy BA
FFIE &-&3 sidA W3t o= e L } - _
E@a: =5 FFIE &83 szt W3l o= ndg 43

FFIZ 283 sila et o= | FFVE ARSE 2l AFRE A o2 29 ko] nlud

9 2 4

o=

1) FFI 4 €318 F duolE ¥ AR A|F3H A &4
Aukx o 7 SFFulolm 2yt A4 e PD, PR ¥ GR #EL SICE AFE3d:= do ¢l
Q3 o947 #Zgstk, AMSR29 AEEL open water®t FYIL, MYIES 2 FE&E 4 9o

%
o] 6GHzFH 89GHz EF vizkzbx]olt) (29 36.1). oA % 89GHz A2 74 1L

e = (3km x Skm)o]”] wjitel] asjd=o] SICE 4t=3] W= dol doiA w¢ T a3k A
dolv, FFI 4 g Folre 28530t



19 37 B9
1.|:| = - p— .:._.-
[ Wi : d I‘]
_ . . =1
& a !
H & X
o8l . -
| ib-year ICe | . g
.y I -\.\_.. J— —
= ' , e
= '--I.‘_____FH" 1
g - T ]
w 06F _,xf"'-- : g T,
€ N . B—-th
) e
Water : _— +
1 f_.-"’ 4
04F : P 4
"
T X
LH4+— :
0.2 P L. ; — i ok
10 100

Frequency [GHz]

19 36.1. % nlolmaRgo Fugd wE water,
FYI, MYI ©|41¢ Emmisivity 2% (Spreen et al.,
2008)

SstAINE 89GHz Ade] AT ELS 5 vlo]a=y 7| A xnddx
goz Fgfsta Jde FAL F5 2 g7 94FgS S 4 9dvd (Comiso et al, 2003;
Spreen et al, 2008; Junshen et al., 2018). AAZ FEo| ¢ F4A &A= Fo 89GHz

gHL‘__:]_o/] 3}71%5 7} o _T‘l‘j:ﬂ]—g] H]—ﬁ]:oﬂ Al Cﬂo] o]/\LSL =+7F rLHE%

¢

(719 362). WebA 89GHz AW #@ WEsh e Rei a8 2o mue v B4
712 59

a9v 89H

B
0100 0125 0150 0175 0200 0225 0250 0275 0300
Brightness temperture

a9 362 FAL FEo &A= Ao AMSR2
R9GHz Adel ¥r]%
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RF FFI with 89 GB FFI with 89 SVR FFI with 89
(a) (b) (c)
34 z,;.z
o e,
N ,
L ] "
L - o
J— bias = 0.06 | bias =0.04 “bias = 0.14
& 1 ubRMSD =0.23 ¢ |ubRMSD =0.19 1 ® ubRMSD =0.54
R=0.97 e R=0098 e R=081
o ol y=1.09x-022 . y 1.01x - 0.06 *|%,=0.97x-0.09
©
o . RF FFI wo 89 GB FFl wo 89 SVR FFl wo 89
5 (d) (e) (f)
21 s .‘.
bias=005 | |  #b > Thias = 0.09
17 ubRMSD = 0.22 \ubRMSD = 0.17 * UbRMSD = 0.46
R=0.97 s (R=098 o R=0.87
o y=1.05x-0.13 y=1.00x-0.04| | B o y=0.96x-0.01

0 1 2 3 4 0 1 2 3 4 0 1 2 3 4
Estimated FFI

9 36.3. 89GHz AE& AMg3 Mgy &89 2d (9]) 2 F85H ge v (of)3tH

o] £ Ay ¥ 19, Random forest (a, d), Gradient boosting (b, e), Support vector

regression (c, f) 7+e] v n <.

2019 WelA 718 & SIEE 29 1€ 2393 7bd 22 SIEE H2<Ql 99 28Y oA 9] +
o] zeolE ERletrt (™ 364). Ao, 89GHze] W7t fle EdolA MYIst
FYI zte] o] ®Ho} F At Bl ol 2} sea ice age A=} ¥ LY
S ul, FFIZF $2 A 93} sea ice age’} =2 A

89GHz A el W7} gl BdolA o F3ietA et

o

7]

Ko
N=

P
rol
_l |

30,
2 _—E

ol

O>"

P sk AL FAT 5 gov, ol

T

N
14 36.5).

W
o
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FHwith89 . FH without 89

20190123 (max SIE)

FFI

20190928 (min SIE)

a9 364, 201999 SIEZF 7V 2 F (D 7Hg &

e g
Aol WMErh AeE md (9%)0 T84 g B (92%)9 1Y
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Age of Sea Ice (years)
Age of Sea Ice (years)

1

open water
open water

19 3.65. 201939 SIEZF 7 2 F (dE)3 s Ze d (LEE)ANA Y] sea

ice age.

Tk 20199 69 AA HF A9 H FFISF 201999 minimum SIEES ®lus] 2okS
], minimum SIE ®}2e] sgo] el FFIC %ol minimum SIE W52 FFIe| Ztell H A
s 2 A4S Feod 4k (28 36.6). =3 o]y g FFI9 kel tu]:= 89GHz Ad 9

Wk AR mhe] WaAd 184 9 mddA o 2 =g AL ey

-

1.0 1.5 2.0 2.5 3.0
FFI

1% 36.6. 20199 69¢ H FFL AMSR2¢ 89GHz el WE7t A9 md (2
)3 ALgEA e md < 2z) Ay
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1) FFI &% SIC & 7154 H2E
FFIE &&3lo] SICE =37l % 98d E2d2 SimVP (Simpler yet Better Video
Prediction) = 2-& Agsth SimVPE HlU R oS FAE a&2ox sdsy] s A<t
A 9ed 7Nk Al oS Rde g Zelsdd WAlE AbE ®stE et g =
dds st AS Ha= soh Bd G2 A ¥ 54 & FF35HE Spatial Encoder,
Spatial Decoder®] 3@

Ko olafa 4= dt}l. WA Spatial Encoders ZF A9 12 Z oA F7HA sfEl (e~

oy o
A
o FU{N‘
ox o
£ 0
X o
AT
fol i
o
ﬂJIO _VE
offt ot
=i
)
rlr
o
)
i)
o =
>
)
i)
fo,
19
ot
o
o,
fob
ol

r
AV
2L
Anj
T
o
<)
N
-~
-
=)
o}
2L
e
lo
AV
M
i
oX,
A
~
rE
il
fu)

Al gSTA (gated spatiotemporal
attention) 255 A &3tH, AlF7 54 F F5ES ey oz FxataA Bk Jusk A
g 36.7). 23H o2 SimVPE 9t 732 U] =2 o=
] AR Wt Gl F

lomw oE Sof FRIE ddew wgd 499 raax 2e 498 ungony o9

oX,
ofr
ftlo
fa
=5
it
ol
=
o
B
E
B
4 K
oX,
=2
R=)
L)
td
i)
o
%
i)
ol
rlr
i
AC)
_1N

AR} dS Ao oA 546 A= dFe AAAeR 24T 5 JH(Tan et al, 2022).
Input / Output Conv + Norm + Activation Temporal module
- Inception W ¢ .
........... = o £/ & &7 /5

p a2 P = Spatial Encoder f SimVP's Translator Spatial Decoder f SimVP++'s Translator

(d) gSTA translator Fig. 2. The overall framework of SimVP and SimVPv2

19 3.6.7 SImVP (Simpler yet Better Video Prediction)® 2 % gSTA (gated spatiotemporal
attention) &2 % (Ten et al., 2022)

o5 dats vastd, FFIE ARS S Zdo] a8 @2 RRy dibHow ¢

2

A7

ro

i
rE

Aes Btk WA 20239 49 AA F AbElol A Ground truth®b oS F4S es]

2w BAE A 9] el Aok Frexitk (2' 36.8). FFIE AMES a2
W AA Fefet o £XE o A=A wEprbe AR FxrE dddes d Sz
Fel2 AFAch wd, FFIE AFSehx] e 2o FA7E dste Ay a8 Jdgo s 3

o

¢



With FFI No FFI

Ground Truth

P

n

Z}z} NSIDC SIC #

a9 368 2023 49 AAF] SIC o= A}

ol¥Eit)t (19 3.69). MAE
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NA %= s

Bl 3ol A FFIE A
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MAE (1)
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0.035 1 With FFI
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ACC (1)
0.99 A ey —e— No FFI
0.05 - _~ \ - With FFI
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w
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1% 369 Lead time°| wW& FFIE AF&3 g (F334)3}
FFIE AF&3t#] &2 Ed (gaA)zke] Ads ko] v,

Z+zF MAE (91%), ACC (53b), IIEE (o}21%)S e,

a9 36102 20239 3¥S Hi

ANHoz S u, mdo w2 gl =eld(Lead 1, 4, 8, 12)

of w& Zx}(Residual = Prediction — GT)e] &7+ BX & dusgk Aytojr}, Autx o=z Zkxf

= el 773 Wake S Sg A4 2 A Qg sel PFE o} vehn, el

AR AAE AEE B
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Residual Comparison | Target = 2023-09

Lead 1 Lead 4 Lead 8 Lead 12 L oo
075
b . S\ i
g 0.50
o . s =
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0,25 ,t:
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Foon g
<
; —n.zﬁg
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™ g
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-1.00
19 36.11 Lead time(Lead 1, 4, 8, 12)o] w& 20234 9¥ 9] FxAae} o =23 7He] *}o)
o ¥k EE wa A

S
e FElg AAAGS Hol, AgHo= TDS 4=
Wao g ot AT FFo] AstEnh Wi ofFHo= wE TDSeF F9 Y =1
sk Qlef o) sHorRE T AFom FPE= Yol AFdFHloAM, iy FA L WA
sgol AAIL A W s SAo] Btk ®RFeA Wsd & Aok Agd AFelM e
Laptev Sea ¢l<Zollx @€ ao] Algtel] wel olF A= AlF 540 debxlon, 24
) EHx w3k Alde] wel WEl Fo] =2 yeides Zlew BHudtt (Krumpen et al,
2019; Sumata et al, 2023). °o]&jgt 5A 2 s Wyt ©ed] A 3F AAd-AEHENE Ay
1Y, =5 AAZ I AL &4 wErE 34 28 239lS AR wEbA Laptev Sea
- Kara Sea 7%t W o5 A#E gz Eafs) aiAsta, a7t JATH= 21719 9
A5 Eejd o ddstr] 9% A4 4 i A9ew &48"E F
Laptev Sea - Kara Sea 77+ % 20234 9¢ =3
E Hlwg A3 F Rde oxp o] At H S AA FZolA FSlEA FRdn (1H
36.12). FFIE Ab&atA] &2 EHE SA9F QI At 13+ & i) o] AA FwolA 3t
A 7F oA o2 AA ved, 5A 3t 3k ek HYgE oA dHe] AEKHoR
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