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SUMMARY

(4 & 8 o B

I. Title: Development of algorithms to extract satellite-based Arctic sea ice
characteristics

Il. Purpose and Necessity of R&D
® Arctic regions contribute significantly to climate change through quantitative

feedback between greenhouse effects and sea ice.

® [t is necessary to develop algorithms that extract the main characteristics of the

Arctic sea ice to improve understanding of the Arctic environment.

® The main characteristics of the sea ice are leads between sea ice, sea ice

thickness and sea ice concentration.

® Estimation of sea ice thickness using altimeter data was possible only for
relatively thick ice, and was difficult to apply for thin ice, a study is needed to

estimate the thickness of thin ice using a passive microwave sensor.

lll. Contents and Extent of R&D
® [n order to identify leads in the Arctic, CryoSat-2 baseline C L1b waveform data

were used.

® The concept of linear mixture analysis was adapted to the waveforms from
Synthetic Interferometric Radar Altimeter(SIRAL), CryoSat-2, to identify leads to
estimate monthly pan-Arctic lead fractions from Jan. to May and Oct. to Dec.

between 2011-2016.

® Passive microwave sensor data and reanalysis data were used to predict sea ice

concentration.

® Random forest and convolutional neural network (CNN) were used to build a

monthly sea ice prediction model for the summer season.

_Vi_



Sentinel-1 SAR extended area HH / HV data and the ARTIST sea ice
concentration from Bremen University were used to build a model for

downscaling of the sea ice concentration.

We used ARTIST sea ice concentration as reference, which has the finest spatial
resolution among sea ice concentration datasets that are delineated from passive

microwave sensor data.

We used passive microwave sensor data (AMSR2, SMOS, SMAP) to estimate the

thickness of first year ice based on random forest.

The Ice Bridge data were used for comparison and validation. The results
improved when compared to the sea ice thickness provided by existing

algorithms.

IV. R&D Results

Leads detected using the waveform mixture algorithm were validated by high
resolution MODIS images and compared to the existing CryoSat-2 based lead

detection algorithms.

Monthly lead fraction maps were produced by the waveform mixture algorithm,
which showed a strong inter-annual variability of recent sea ice cover during

2011-2016, excluding summer season (i.e. June to September).

The monthly sea ice concentration predictions using random forest and CNN

resulted in the RMSE of 6.61% and 5.76%, respectively.

Seasonal analysis showed that nRMSE was relatively higher in summer than in
winter, and it was shown that the prediction of summer sea ice concentration

was more difficult than in winter.

The accuracy of the downscaling model was quantitatively and qualitatively
compared to the sea ice concentration based on the passive microwave sensor

data.

The quantitative comparison showed that the RMSE between the predicted sea
ice concentration and the ARTIST one was 16.38% and the correlation coefficient

was 0.74.

- vii -



Estimation of first year ice thickness using random forest resulted in an RMSE
of about 1292 cm, which was improved when compared to the existing
algorithms including CryoSat2 (16.66 cm), CryoSat2 & SMOS (19.29 cm), and
SMOS (17.96 cm).

The random forest based first-year sea ice thickness estimation model developed
in this study consistently showed a relatively high accuracy when compared to

the other products.

Application Plans of R&D Results
Unlike the threshold-based lead detection methods, the waveform mixture
algorithm is less influenced by the update of baseline version of CryoSat-2 data,

which will be useful for future altimeter missions.

The waveform mixture algorithm can be used in the retrieval algorithm for sea

ice thickness.

Pan-Arctic lead fraction maps will be potentially used for the prediction of sea

ice concentration.

Monthly sea ice concentration forecasts can be used for climate modeling and

for exploiting Arctic sea routes.

Prediction of sea ice concentration can be used to analyze the correlation with

leads and sea ice thickness.

Changes in sea ice concentration within a few kilometers can be used to identify

small-scale leads and sea ice changes.

Downscaled sea ice concentration can be used as input to numerical models,

helping to improve Arctic sea ice models and regional/global climate models.

Thin ice thickness using passive microwave sensor data can be wused to
complement the limitations of altimeter-based sea ice thickness estimation

algorithms.

Since first year ice has a greater association with the atmosphere and ocean
when compared to multi year ice, monitoring of the first year ice thickness

using passive microwave satellite data can be used for climate change research.
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Laxon 5 (2013)2 Farrell & (2009)¢} wiz7HA] 2 Fhahsh QAAI#GS &8&35lo] =8 ©X

ST Ricker s (2014) Laxon (2003)0l4 AR&¥H AW Wpo] trE WS o F718to] ¢
=5 gXsta 20139 3¢, 1199 W zZelnze Y FAE F43Arh A 2 AH
AA FE=+ v iz A A-e] welk g2r] o] A-Y =S uHEA &
3 2AHE JAFES AHEEA HW gles e8XEA Hid olv 2 Y Znzo T
F49 AFAS "ojme A Hrh Lee 5 (2016)2 Y3 5 gl=9 EAS vty 9

MODIS 7o = gl=& 3hofstar 2011-20149 3, 499] =9 EAS vy = 9= 5709
W (STD; Stack Standard Deviation, SS; Stack Skewness, SK; Stack Kurtosis, PP; Pulse
peakiness, Backscatter sigma-0)& 2t7F 2l=, sllH, sl dis)x FEste] TAXEE YA
shal 2 7] Al8ks5 <) decision trees ©F random forestE Ab&3sle] Bl=& ®©X]sa 2011-2014
93,448 5= W ZeREe FAE AU
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- Fastt. 2 AFdaAE 7S AR A U waveform mixture analysisE AF-&3F
o Fg=E A}, Waveform mixture analysisi spectral mixture model®} 72 7/jdo =
CryoSat-2 #= waveform, 31" waveform= 77} end-member® 3l waveform mixture
model& FZ3g o, 7t CryoSat-2 ZZado A e H|&o] 0.7 o]4d of g=gt 7+F3}
o= S ek ith

30 s ad 3 A
74° 76°E  7T°E 9°E

19 2.1.6 Waveform mixture analysisE &-&3}o] &X
Hj 742 MODIS ¢d/Folm w7k o gl= Faba He syl

HIMAE FSA499 ey oS Aol AEsst 7|ye] 7FRdo] ALgH 1 1o
DMSP (Defense Meteorological Satellite Program, 25km)¢t SSMIS (Special Sensor
Microwave Imager/Sounder, 12.5km, 85-91GHz)9] sl 5% AEES JHEAEE ALE3HH &)
Howk B BgE oFstal vk PG Posey & (2015) oA AmEst 7Nt R Xk 6

= R2HEl ACNFS (Arctic Cap Nowecast/Forecast System)2t GOF 3.1 (Gloval Ocean

L=,



Forecast System)o] 7]% Z71A59¢ A% 2L Y 71F3AE 2"gAE AAdstazt
MASIE/IMS (Multisensor Analyzed Sea Ice Extent/Interactive Multisensor Snow and Ice
Mapping System) sl w23 E AFE3H7| % 33T Peng & (2013)e A= & o W3t sy

S Huzk, A7) A (1987d el A 2007W) 714 ] 1A 7Ivte® AtEE AW EEE o83
W 27 (sea ice extension)®] W3 FolE dolH i AALDH AIFAHS Hotstdr}. o=

HAL R sE R oY EARE olgste] v AFe 5T + UEe v

CDR NH y198812007 MAR 15%
s ™ E
- -
E E
*® =
{11 w
1] @
216 2,
b 8
(7] an
14 2 -0.99 +/- 0 4?5 (mul Itm }a’decade
88 90 92 94 96 98 00 02 04 06 88 90 92 94 96 98 00 02 04 06
Year Year
CDR SH y1988t2007 SEP 15% CDR SH y1988t2007 FEB 15%
< 20 < 8
- -
;E_— 18 § 6
= ted
w w
(1] L]
2 .. K]
i @
(7] n
14 0.35 +/- 0.252 (mil km?)/decade 2/ 0.138 +/- 0.319 (mil km )fdecade
88 90 92 94 956 98 00 02 04 06 88 90 92 94 96 98 00 02 04 06
Year Year

Kang & (2014)< GloSead4, NCEP CFSv2, GEOS-5 (National Aeronautics and Space
Administration Goddard Earth Observing System vversion 5), CCCma (the Canadian Centre
for Climate modeling and Analysis), CanCM3&4 (Coupled Climate Model versions 3 and 4)
RS0 GAES o] &ate], fH7|te] EOF (Empirical Orthogonal Function) #8l R4S
e 521520 A (Arctic Oscillation index) ®3} o535 ottt TW2%, 45 vbs, 459
A2 (anomaly) 3 AOJAASL Aol ASS Ao XAt ol AT I AO
k= Y {49 (Sea ice motion)oll FaFS 71X, s FA H Y EEe] YIS

=
Al ®©ok= Rigor & (2002)¢] Aol wluste], W FE oS g 84F ARgo] H F



a9¥ 2.1.8 AO¢ NAO (North Atlantic Oscillation) 1 #boll thaf 373k i 7]t
(ZA ") e AU (3%). (a) AOSIA 3 #e AL, (b) AOSI A}
A oAF, () NAOA A 3l AL, (d) A0S NAO <1#Fe] Ao 3As A

= A

kang & (2014)2 MODIS IST(ce Surface Temperature)), MERRA(Modern-Era

Retrospective  Analysis for Rearch and Applications)®] w®F&a 2z 7] A 859l

L=,

SVM(Support Vector Machine)= &3l sl H A4S oF3FAt} AT AAHA NS o 535t

T =
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2 5 glo] IAAS MY B dAFoMe B3 2AE B, 349 Y
TEE 71 84, A0 A7 Bl Sl wE oA Fdd ddAgo] s Fetdt Belt) 9
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3. Passive microwave #14 A& &

SR 2 mprhel oA mithel thr] Atold @A A HEE st o W F =& Y
o FA] wkal#E st Maykut & (1978)o] w2 4 o 4 A& AEHY] 774
ol wls) FATFEREE =& AR I 2dA RS FA7F 30ecm T 2m At
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=] X Ay = = =
A 1A 55 8 Ze|Re 9 sy A 3 daeE g o
g4 2= H & A
AT4d = AT W&
Lee et al. (2016) A|¢H¥ Decision trees ¥ile]&
N-FINDR= & g3k waveform|S ARt & 8501, 3diW  420,85871 <9
end-member A1 waveformS F&3t1 ot IFHHES YiE=
waveform= X451 =.
G I B o] ZEH+E  Linear

waveform mixture analysisg &3 =
1=
J B Y= A

2} A
|

mixture analsis§ CryoSat-2 waveformol] 483}
o] Waveform mixture analysisE 733} &

2011-2016d 1-5, 10-12¢¥

Ky

o4

g = H

[e)
=

6‘X
=

2011 1-3€¥ B} A 7IRke] H=
=3 vl Ay g E=et Al
IR "A A =

1)

=3
Ql
H]

Mr 2 W
M o (n
e

My o >

1. ool AR
Bre] o= (olah e
= st dlarele] we

) uk Z 93kt Lupkes

= Xz

DMSP(Defense Meteorological Satellite Program)

20009 %= o] 4B =

AMSR-E(Advanced Microwave Scanning Radiometer for EOS)$] A o]

Chase and Holyer, 199094 = A &<
e FH

9 BrE

A5t A . Geosat

9] range binC 2 °1&] Z& A7) T BxdE AL

a5 Afolel 2

MODIS(Mderate

2 linear mixture analysisE& Geosat

Zea

Pt ut o Kl
=, B\ T':%Eo]:a

et al. (2008)¢l w2

L=

T l-=

’

35K7HA] 25 Al

o B
7/if =

7T 2 f4s Z8&oto] a&How

FEE AVHRR(Advanced Very High Resolution Radiometer),

917

Resolution

Ko
=

Bgstel ¥=g

Imaging

At gtk
Spectroradiometer) <}
AT,
A=A o] A8 st

Z} o
= =

T2 ey

1
R

J_J*ﬁ] ]—EHZ-l o7 1%1—%

47 ere.

el e e A5

B Ao = GeosatEth B AHFE #oly 1L=A Sl CryoSat-29 linear mixture analysis
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=2 A g3lo] g gAE 93 waveform mixture algorithm< 7H&abslaz, 2011-20161 1-5 /
= Aol izt ¢ = v &S AESA T CryoSat-29] beam behavior ¥
T EA TS AFEEE o)A A 7Nk = gx¢= de Llb A8 9 waveformS

HE2 AFg317] wjFo CryoSat-2 baseline QUlo|Eo] J3FS Hkx] ¢ry A &H o7 =& &

7t. CryoSat-2

CryoSat-2+= SIRALS ©Astar 2010d 9¥€ o ESA(European Space Agency)oll A =% %
3 WztE flal IAagE iAotk AAl 54 FAE dEHow 9
Adoltk. CryoSat-29 F8 AlA<Qd SIRALS T4 F34+ 13575GHz  (Ku-band)o] ™
bandwidth+= 320MHz ©]t}. CryoSat-2+ SIRAL AAME &83te] Ad %A 9142 Geosat
ot} jason H.t} 22 =E §&4% oyA AMgor &XE 4 Qltd (Wingham 5 2006).

B AFo| A= CryoSat-2 baseline C SAR(Synthetic Aperture Radar) =Z=9} SIN(SAR

o

1o

2 243 711 #9

ry

ol

Interferometric) ==E AMgstiow 247 256709 1024¢] range bins H A3kl Aot
(Scagliola, 2014).

CryoSat-2+= =2 PRF(Pulse Repetition Frequency, 18.181KHz)= 64712] H2E d#olH
HA2 g2 PALst oju 949 8o =m <ld =Z2 W (Doppler beam)o] &4 ).
7} == Hlol A 256719 waveformo] F XAl ¥ i=d ©]= beam stacking©]z} Fth. H A )
+ Speckle noise®} thermal noiseE =°]7] s 256712l waveform= Hirslo] dhite
waveform®. 2 TFETH v 298 =9 W CryoSat-2 Llb waveform® Aot}
Waveform@] A1z FEo] =4 tp27] wj&of leading edge W2l signal 399 1%= A7

How gt

a (b)

(a) 1 1
$ 08 0.8
2 o ;
[
o
2 06 06|
(5]
w
E 0.4 T D41
N
g
5 0.2} 0.2}
- JL

20 40 60 80 100 120 140 20 40 60 80 100 120 140
Range bin

a9 311 x4 g9 W9 CryoSat-2 Llb waveform.
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Lt ol edge AR

EUMETSAT (European organization for the exploitation of METeorological SATellites)
OSISAF(Ocean and Sea Ice Satellite Application Facility)oll 4] #A|-&3t= 3lW edge AFEE A}
gt A H=5 49l = dlEs 91E v2A sdvh Y edge AMEES SSMIS(Special
Sensor Microwave Imager/Sounder) ¥4 2] 19GHz¢} 91GHz9| polarization ratio®t 37GHz<}
19GHz<] gradient ratios AF-&3lo] 7% = Sl

Ct. s edge A=
2 AFelA AEE A B 9 s vls #@ 7)E A7 A 55 9 = vs W
S vwEdvh. Rohrs and Kaleschke (2012)3= AMSR-E A 8E &g3dlo] oFe el w22
AEFTE G Y EEUl 50% Wow @l 743 g ool okl a1y ErAes uitet
of g = vE WS TEAT. Wernecke and Kaleschke (2015)+= ¢F 99.5kme] &7+ a4t
=2 9 g= vE Wwe vEdh. Willmes and Heinemann (2016)2 9 #l= WS %A
=

75, ¥, =, g E-artifacte] ZhH P ® Upo] ST shElae] SolA gl Sdav

2. Waveform mixture algorithm= 7§ &st7| ¢t i
7t. Waveform mixture algorithm

AAEA A endmembers 73 &, 24, WA A3} 2 Ao A £33 0w &5
3 A8 w3ltl Endmembers linear mixture analysisE F838t=d 9o} 42 84
t}. Linear mixture analysist A WloA] |4 EA #3384 EAo] APHo=z A5
A= AS 7P} (Keshava and Mustard, 2002). Linear mixture analysist™ spectral
mixture #AE A=Y YT HeE B Foody and cox, 1994; Dengsheng %,
2003; Changshan, 2004; Iordache ‘&, 2011). Linear mixture analysisi= endmember& 7|HFO. 2
sted &3ty ¥ Aol abundanceE A& =AY footprint Heoll= B =9 dlW o] E3H o]
ZA3t7] W) linear mixture analysis® %749 waveformo] Z&dstA 28 4 ).
H o Ao A= linear mixture analysisE CryoSat-2 Llb waveformo] 2483}l waveform
mixture algorithm= 7l&3stth v 299 (a)© waveform mixture algorithmol A AF-& %
2]= endmembere] il (b)i= 31" endmember ©]t}. Waveform mixture algorithme] -84 <l
T5S e 9 HE3 endmembere] A8 o] &4=2 o]},

7182 ¢l waveform mixture model®] F+Z%+ ofg] A3} 2t}

_’Ié_



X
Yp = E ap By, + 1y
K=1

T2 3.1.1.
waveform

mixture model

o714 v, = {Y,, Y}, ¥}, Y. Y, } = waveform vector ©]il ki= waveform® range bin®| 74
olt}. @yt abundance W& 2A] =9} %W endmembere] wWE HE&S FAIY. E=
endmember vector®]t}. r, & un-modeled residual ©]t}. abundance™ un-modeled residual<
Has A7 HAASHS FAFOEA A5 F UTh

Chase and Holyer (1990)2 linear mixture analysis® 1L%=4 9] waveformo] asf+=t] <l
o] 27FA EAAE AA L A HAE waveform® footprinttoll = =9} ajo] A& 2 o
2 235l A &S & & AdvE Aol CryoSat-2+= =9 specular WAl ¢ w1743}
A J9E&3t7] Wil footprint ol 2l=9} so] FESA vty o= AR & Aol
Atk F WA= Chase and Holyer (1990)°] AF& Y Geosate waveformo] el o]
footprint A o= A Fo] AU} o]+ linear mixture analysisE waveformol] % & 3}=1t
o gl <cle] & 4 v Z#y CryoSat-2 Llb waveform- 20071 ©]/d2] waveforme] th
A PGl wrEolx 7] wiEe] g5 22 wAE A2 & 5 Uk

o2
)
RS
S
>
N
N
o
N
o
A

Lt. Endmembere| A &

Endmember®] A #S waveform mixture algorithms S3st=d 4420 Q40|
2011-20161 1-5€, 10-12€9 = 48/0€Y &<t 7} dwit}h 48709 CryoSat-2 orbit 3459
endmemberE FZ3}7] f1ste] AAsAT. Bl=9 WY endmember $H waveform< Lee
s (2016)°l A 7§F¥l DT(Decision Trees) 719k 2]= ©A] 7|9 & Faste] Aeedn. DT+
A ] B wAE AT W g&H0=E AREFHoR HHOIH(Kim &, 2015 Torbick
and Corbiere, 2015; Amani &, 2017; Tadesse &, 2017). =3#% <l endmember® A8 S 3|3}
71 8|4 DTl <& A" =9 sie] TR waveform T4 N-FINDR &g &S A
&3ato] 7tz g =9 W endmemberEs AT N-FINDRE %%l endmembergs A&

How HAAgF= diglF 22 endmembers = wl 73 @ol AH8H = dugF F st

|

tholth(Winter, 1999; Zortea and Plaza, 2009; Erturk and Plaza, 2015; Ji %, 2015; Chi %,
2016). DTl ¢ls] AA4¥ =9} s waveform N Z+2F 8501, 420,85871 o] t}.
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15 Jan. 2011
15 Feb. 2011
15 Mar. 2011
15 Apr. 2011
15 May. 2011
15 Oct. 2011
15 Nov. 2011
15 Dec 2011
15 Jan. 2002
15 Feb, 2012
15 Mar. 2012
15 Apr. 2012
15 May 2012
15 Qct. 2012
15 Nov. 2012
15 Dec. 2012
15 Jan. 2013
15 Feb. 2013
L 15 Mar. 2013
15 Apr. 2013
15 May 2013
15 Oct. 2013
15 Nov. 2013
, 15 Dec. 2013
15 Jan. 2014
15 Feb. 2014
15 Mar. 2014
15 Apr. 2014
. 15 May 2014
15 Oct. 2014
15 Nov. 2014
15 Dec. 2014
15 Jan. 2015
. 15 Feb. 2015
15 Mar. 2015
15 Apr. 2015
15 May 2015
15 Oct. 2015
15 Nowv. 2015
15 Dec 2015
15 Jan. 2016
15 Feb, 2016
15 Mar. 2016
15 Apr. 2016
15 May 2016
15 Qct. 2016
15 Nov. 2016
15 Dec. 2016

a¥ 312 Z=9 W] endmember FES fld AFEE 2011-20161W 1-5€,
10-12¢¥ s<t9] 487 CryoSat-2 orbit 3 E.

Waveform mixture algorithm 7]8F 2]=9] ®5F % 3, 5, 10€2] 250m 31/ %=2 MODIS <
doE RH7rEAJY EE 99 MODIS |45 AH&ste] d= £75 H7sfoF spAnt Sofe}
MODIS$} CryoSat-29] A|ZFxFe] (304)E e sfobgl 7] wfitell 47H¢] Bluwt =3} 3t

Waveform mixture algorithm®] =222 Z+7 =<} 3|9 abundanceE CryoSat-2
along-track ZRIEo| we} A&ttt g =7t d+= Fod= B =9 abundance’t =il 3R ¢
abundance”} $ro W s o= I whdjolt), gl=¢} W2 abundanceE 2] =9} 3] o]
THoRE wE7] fslA o dAFE HAs= Ao TastH. AE calibrations &3l
geot e 2 F de HH9 dAFS AEs AE calibrations T3] 9@
A 20143 49 174, 2015 59 25¢, 2015 10€ 10Y, 20161 3¢ 27¥°] MODIS 975

rlr
B
Y

Soto g AAFAY. 7|4 waveform mixture algorithmo]
AT = s gu AVlE dFE davt dnk HAY dAFS A=) #13E calibration
HA oA MODIS 250m 3% F74S AF&st7] wiitel HA 250m H=v 1 o]de s
waveform mixture algorithme] ©X] & 4 At} MODIS Aol A+= 250m ©]&te] =& B

71 A5 olZlo] YEgE "Ae=H Slol =Fdde]l 2 4 vk
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1

78°N 5 78°N
\ i % e ] ‘*! .
@. | GRS b
48 S 4a'| :I\K i 0.8
‘ % .‘l ¢ . Y ." | j &7
el ""_.‘\ 36 e "':\ : 1 0.6
egh \' 0.5
24 i3 TES R 24 ! | '
| -" € | ; 1 0-4
" N | 12.' I 1 0.3
- [ = I 0.2
? ::!' j] 770 -!‘ '— 0.1
129°W 128°w 127°wW 126°W 125°W 129°W 128°W 127°W 126°W 125°W E

a9d 313 20159 109 109 waveform mixture algorithmolA 4F&=3F =9} =<9

abundance (a) 2= abundance, (b) 3] abundance.

Ct. 10x10km 2 Xt2| sensitivity Al &t

W B gleng AES 10km A& Wl CryoSat-29] #3549} =9 #=4
= 5 %07 #F4E CryoSat-29 #3F /47t B2a 55 =
CryoSat-29] ¥#3 N7k Aolxdn. Axtel] we} CryoSat-29 #5571 vh27] wjiol A=}
e H2ES T8ttt 10x10km A o] 2l=¢ s #5549 30%E Y9 = 50

S

=
=
g8 g WS EstE waveformeE N-FINDR &arglsol os AAFAT. g
HbAbell )& Fal curvest @/ W A 7F AdetAl vEbdt SR
o guxHt A FHoE Qs waveforme X7} 8= waveform XUt 4

=9] waveform< specular

A& calibratione £33 =9 31 el abundance H| &2 = abundance 0.84, 3H
abundance 0.57% WEST o TI¥ o= waveform mixture algorithme] 2= &7/ Z3h<}
AA S AFE3 CryoSat-2 7|wF #l= &% = EF Z3(Laxon & 2013; Rose, 2013; Lee
s 2016)5 ®lustitt 7S dAIFS AHES Bl= &5 WS beam behavior WFEH F
AR ASE dE oz AFESH7] wlEol baseline C A5 E AFESH7] fl8 72 HFES

baseline Col 2tA W 3k3)c),
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MODIS 94& #gste] 4744 o= BF dntg Arbwmsiger ofd 19 2ol =
B AshelA w3t o] 2= oulela sy o] el ejwath ARl vwLE §le)

zF wibeupch JekA ol Hrirt =3 E AT Lee 5 (2016)2] DTZF overall accuracy 95.19% %

-1 [e] O © il

)

g =k 1 522 waveform mixture algorithmo] 95%, Rose (2013)¢] 93.26%, Laxon

N

S 20139] 91.70%E 7]% 3t} Waveform mixture algorithm®] # = user's accuracy+= DT

T user's accuracyd.t} ¥4 o= waveform mixture algorithme] WS f==2 LEX
gFote= AL o4+ Yt Waveform mixture algorithme Ayb2 o2 DT} H| =3 A 2
. Waveform mixture algorithme G 33}7] 93 endmemberE A3 df

=

o
DTE &&3te] =9 3| waveforms XAA3F 7] Wl waveform mixture algorithm}
2%k Zlo] ddsitta B 4 9t} Waveform mixture algorithm= 3% 7

g ArEsked 283 gE gA 23 AHeUte & Aoz Btk
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1 27 Mar. 2016 (a, e, |, and m)
¥ 2 17 Apr. 2014 (b, f, j, and n)
/<% 3 25May. 2014 (c, g, k, and o)
4 10 Oct. 2015 (d, h, |, and p)

. . |
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W W o1otw BTW 14w 2%
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ABW 45w 4w W AW W g agw sew W AW SPW agtw agw sew AW AW SOW s aghw sw W AW
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£ — 78N = 78°N ) A 78N s
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il N1 R ot W W, e RENE Y vt SETS B
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@® lead @ Seaice

a¥ 314 ¥= +7F A3 (a)-(d) Rose (2013)9] = &7 A, (e)-(h) Laxon & (2013)

[€)

°f fl= ®F A3, ()-() Lee T (2016)¢] #l= &F A3, (m)-(p) waveform mixture
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algorihtm®]
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Rose Laxonetal. Lee etal.
(2013) (2013) (2016)

. User’s Accuracy for Leads . Producer’'s Accuracy for Leads
- User’'s Accuracy for Ice . Producer’'s Accuracy for Ice

- Overall Accuracy
*Unit: Percentage (%)

29 315 PE BF Ave FH ww

L M 53 g 22 HE Yo FUEE
2011-201611 1-5¢, 10-12€¢] A 5= €4 = v& B 10kme] A2 At

g A=Azl AAs7] 98 vhde 2719 AAE10, 50, 100km)S B ~E 3

A W] et W B35 Maee 2 TR

AAIEE TR BHAE 7 g 10kme] AAR HF 4RSS 9 2= HE HelA]

Ao % share zoned} sjRo] WA U7l= | HolAd #= B &l EdT 53] FH(B-5

HEE | ZoA &4 w2 g= "l&o] yedth 108578 39 744 24X AlZo %

Gl ugo] Aadm 48 o FRE Yol HE ANZOE It ugol Frdch U ug

h 64
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3.1.6 2011-20133 1-5¢, 10-12¥€ 2] waveform mixture algorithm® =
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Ct 10x10km A AL 21ZE &4 A5

CryoSat-2°] #Z Mae = Wgor A5 WopA i st wifow Zgs Aopxith
CryoSat-29] #3 MF7F 22 st o= 94 g
A=7F AT 20119 1-39 9] ge=9 e #5 a7t vs 2"l vek v 53 &

At FACAM = FEnEe FEAAVE A3 558 A FEEoA s 2=

rob

whel WzkekA kg,

Number of lead observations

Number of ice observations
180°W

January 2011 February 2011 March 2011 April 2011

a9 318 (a-d) #=9] &= I, (e-h) W] @5 Jhs, (FD) 2584, U= £4

.
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4, EE
Jl. 2l E& ojo| H|W

Waveform mixture algorithm® = ©% ZA3+= DT v]=sd7] wjEo SSHA(Sea
Surface height Anomaly)E At=3 w] A& 7Fsslth 7159 dAG 716ke] 2= ¥4 Wy
baseline®] fHlolE =& unic}t AAFHS A oFskt}. CryoSat-2 baseline®] QUlo]E W
beam behavior W& SWAke A7 vl 7] wjFoltd. Waveform mixture algorithm-
CryoSat-2 L1b waveforme # 7 AF&3l7] wliZol baseline?] Jdo|Eo] JgFS AA W=t}

o] A& waveform mixture algorithm® 7o) = 4 9

HHH waveform mixture algorithme A 2R ¥ gl=d A& &= dHe=z Ef{F & %
Atk ozl 17 MODIS 9739 ofF& H#(84.26°N, 43°W)& H¥ HWHistA #g= < A&
&4 = o AN =+ FYI9F ¥ 5238k F ko] 7] wlito] waveform mixture algorithm
o2+ AANE YusE HeE QEFE & vk SSHAE wrdstd oy s A8 S
B3 E F ds HAoE ®Heh

L, gl 2|= "2 Mol dHluw
4712 99 g = v]&o] Fubdo] vl H7F H A tH(Rohrs and Kaleschke, 2012; Wernecke
and Kaleschke, 2015; Willmes and Heinemann, 2015). 7|®#xo & =W 7yie] = =

(MODIS¥} AMSR-E)¥ a%74 7]8ke] gl= W (CryoSat-2)2.& ¥ E < u zZt7 &
EAS 7HA 3 vk A 7dke] g= WMo A xo tE EA wsEa gro AEHe &
Ay ZEE F xSt AMSR-E 7|8 gl= W2 3kmolde & #ETS §XTE F

[
=)
2
rlr
i
flo
N
)
2
HE
rlo
AC)
[
=
1

l
fz
‘O,
£
>
A
[
{0
N
=
2
ot
)
rO
3
ot
rO
©

arA 7Ike] e e ik Sl CryoSat-2 7Ha7E #ob w8l do]l EAeel =
= e o & g3ttt Wernecke and Kaleschke (2015)¢]
= g% LduglEse =9 false EFE =olux = wWEow JNEEAT] uwFo

waveform mixture algorithmel H]&] HEZFo=m e X3t 1 23 9 = 2o A

s

= AwhA o 2 waveform mixture algorithm® 2] = H]&9] Wernecke and Kaleschke (2015)X.
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ot =4 UEstth. Wernecke and Kaleschke (2015)+= waveform mixture algorithm RE.thi= 2
k8] A717F 2 995km otk wEkA € = HlE&S AAME o waveform  mixture
algorithm H.Uth= EgH o] A Yehye= 3o Q).

4 gl= v g P A AgAte] BAAY mek thE 4 Qv AW )Hke] glE e
At TR Eufet dPFAHoz AFAQ Freo FEXE F Hole WA CryoSat-2 7|8k

o9 P We AFHS Yo B4 & B RAAW AAAL 2R Y Aol

a9 319 20119 1-3¢¥ 2= H]& el W3l (a-c) Rohrs and Kaleschke (2011)2] AMSR-E
718k = H]& W (d-h) Willmes and Heinemann (2015)2] MODIS 7]® gl= H] & W, (g-1)
Wernecke and Kaleschke (2015)¢] CryoSat-2 7|¥F #l= H|& W, (j-1) waveform mixture
algorithm< A}€-3F CryoSat-2 7]4¥te] 2= ujg =,

ch 2= cto[LfsfA

B2 o tholyul A= v 9= sl g FE FH9A(Kwok and Untersteiner,

201D). == &l4r w2 Sl e WSk Yojgth g 2N J-hEE S5H B
559 2 72 HEE gyre®t Polar transport driftel] &3] &4 aWlo] F==35}7] ufiof

Ak
[
=
o
)
;’E
ox
W

tH(Kwok 2015). Kwok % (2013)ell A

rr

WYX E gyre®} polar transport
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drift7} 198256 2009d7b4 S7Fste A tha Al sy v &S v vEdrta 74 59
o} AT 2011-20164, 649 Behe A Al 2= v g F7F Hibe A7 g
s7h 2 Ao® dEwrh olF FWEy] dAsME F 9 A7t f= A& As7F Zad
=3

Z = Hl&9 AF Wiske di7]9] o @y 2 #Ho] vk 20139 ¥ 2014 9] & Akl
of EXE & FH 2= " go] s ozl W T Frhek ## o] Zth(Tilling
5 2015; Lee %5, 2016). Tilling & (2015)% 20134 ol &0 Mz oz 27 717 A7)
el el FAZE 20149 wel S ea Bagth dybdow 1145H 3¥7HA =
o] TAE= Al7lelut 20169 1€el= 238 = HEo] F7Frh Kim 5 (2017)% Ricker
S (2017)2 o] Al7lel e Aol =¥ olfE RV F A7IYGe] MY EFHAA &

Aot Tzl = 9 F28 FHoR oA wEelet Al

0.35

0.30 - . I i ]

1

T T

2011 2012 2013 2014 2015 2016

Averaged seosonal lead fraction

o

= Spring (MAM)
= Fall (ON)
mmmm Winter (DJF)

% 3110 #(3-549), 7F=(10-1149), A=(12,1,2¢)9] & 2j=H]

o] Haf.
5. 28
B Ao = waveform mixture algorithm”} CryoSat-2 Llb waveformol] %83 o] g =
= gx39. =9 W9 waveformo] waveform mixture algorithmeo] <=33sl+=d] =44
¢l  endmember® AF&FH ATt Endmember N-FINDR <&ag]so] 9o FEe IZH
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endmember waveform FolA AAHFATH & EAst7] Y3 AdAZY HA3}E 250m 3
ZHell =9 MODIS 974& AF&3ste] 3=tk Waveform mixture algorithm®] # & &
Ay= DT =g dyel dso] Hlstlon 7|Ee g 4 dags Rus U

Ue AsS wyrt kA waveform mixture algorithmS W F715 FAsE dag S
—_L

Waveform mixture algorithm< 7] A|8t5S £33 7|Eo AAFE 71¥ke] 2= 4] 7]
H|3] CryoSat-2 baseline fHlo|Ee] FFS AA W=t F$ 157 vl % waveform

mixture algorithmg % &3sto] gl= BAX2 &gx8 5 9& Aoz welr}
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A7 T

ki3

A7 oA

2 o]Fojx a1 Y= AR YEFYTE (Guemas et al., 2014; Chi and Kim, 2017).
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fite)

it

(Guemas et al.,, 2014). Wang et al.
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of @71/471 i sk odF RdS NEadds

Comeau et al. (2018)2 KAF (kernel analog forecasting) 7| < &
W o] area and volume anomaliesE ¥23ta ©@7]/%7]
st SIC, SST % SLP W& g8t on, st
Arate, 1270e] Aol g A4S T3

a1y
k

2
&

% 3t}el LSTM (long and short-term memory) 78S &
SICHHS &&3le mg SICE o538+

S et o™, melting seasono] Wik d=AHTEL Ao

F% anomaly o= RdE 7|

ernelZ 78 AoJ % weights&

s} A T
#0321 8% s FAY #dd AT A 5 F
. t 1/spatial
study method variables empora S_pa a results
resolution
vector .
Wang . . . ¢ SIC daily RMSE of
autoregressi arget:
et al. ( VgAR) . tg e | (em-201), 30-days SIC
ve estimators: pas
(2016) P 225km x 225km | prediction = 17%
model
. target: SIC
Yuan Linear timators: SIC monthly RMSE of
estimators:
et al. Marcov ’ (1979-2012), 2-months SIE
SST, SAT, and 11 _
(2016) model 2° x 0.5° prediction = 0.41
MEOF modes
Chi LSTM average RMSE
monthly
and (long and target: SIC (1978-2015) of monthly
Kim short term estimator: SIC only ’ prediction =
25km x 25km
(2017) memory) 8.89%
thl NRMSE of
Comea KAF . Hronty ©
¢ K i target: SIC anomalies | (800 years), no one-month SIC
ue erne
estimators: SIC, mention anomaly
al. analog ) . .
) SST, and SLP regarding spatial | prediction = over
(2018) | forecasting) .
resolution 05
L Mol e el AT EA
APAT D FARAE S8 =58 55 W s=0d 9IS = AS=E 7= grl/

concentration

temperature (SST), mean sea level pressure (MSL), 10-meter u and v wind vector (ulO

F243319tF  (Pearson’s correlation analysis).

(SIC),

forecast albedo (FAL),

A7 3ke], 2002-2017 melting season(6-9€)dll tjsto] g &

971 9]

2-meter temperature

2~
T =

(T2m),

and v10), total cloud cover (TCC), ice surface temperature (IST) o 2 X A3} ).

_3’]_
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sea surface
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WEEe Ay 4 Ay, "3 o] SIC, FAL, SST, ul0, ISTE o 29 5= &Y
TR o AUAAE JFXE WA, T2m, v10, TCCE 29 AARAE 7MA &= Ao e
stk B3, MSLe] 7-%, melting seasone] Zlagol whel ko] FaaAddA o 3AAAR
Wstshs FS Bk B AFdA s Fd Ad AdEATTE daeR v TCC 2 4w

Wel= MSL W5 Aefg ymx e wrl/sdd Mas &85k

one-month prediction 2 2-& %3t

0.8
0.6
0.
| i | I
"
sic

U _ . -— . -
fal £2 sst msl I u!. VI! ist
-0.2
-0.4

-0.6

=y

M

W lune July ®mAug. W Sep.

2% 321 Pearson’s correlation coefficient between SIC and one-month past
variables on melting season (June - Sep.) during 2002-2017

M
)

b v{ 2] AL

Ch BHEHAE JYe HEY WY MUY SR oo
el

rok

=2

RF 22 o] MSE(mean squared error) 7]yke T % Q2 %(variable importance) w4 23},
sk & Aol SST9 vioe] v 29 dlY TEE dSsts do dddoz Fa3dh 9sks
= ez YvEwta, I HZ2 SIC, ull, FAL, T2m, IST =22 Yyelyom FAL, T2m, IST

TAEE Zhe oz yehut B Aol = ulo B vl T
Q3 vEld v10d T2m 9 IST SoA dide=z FasiA vehd
gtk wekd HAFAH R v o] F 8F 9 WaE MAssdd: SIC

one-year before (sic_ly), SIC one-month before (sic_lm), SIC anomaly one-year before

tlo
ol
o

(ano_ly), SIC anomaly one-month before (ano_lm), sea surface temperature (SST), 2-meter

air temperature (T2m), forecast albedo (FAL), and the amount of v-wind (v-wind).
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9 3.2.2 relative variable importance based on MSE using Random
Forests
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ol
N
)
o
ie]
ol
2

1 2] one-month prediction E@-S sttt FHEAREE 19884
20173 30 Afole] €W dolHE &8s er, 4 W F% 4

g gEsgn @4 99T AREREH 0% AW FEE 774

H

1=}
9
Ashg mwste] JEw

N\

o

}+= one-month prediction

o, 12719 Zhztel] dist & 12719 €98 o= 2dS /s slth hindcast
7IWMe &8stel FH/AS St dE =01, 200049 9 ASEPES FHsH] 95t
1988-1999d 9] 57k &&¥w 2017dS e+ 1988-20161d 9] A57F & ¥t t7]/
AF Waes W FRWHTE 2ete T 7HAe WaE Z&sidon(E 2), d¥HT

(monthly mean)3te] 25km = A 2=H @ &5 %4 (Polar stereographic projection
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I

S&

A S F531H Y vpx| g o 2 W< anomaly persistence forecast =2 S baseline @& H

A, o=

S

rr

A7 AR teto] anomaly oS AaE HelFe ERE 753

ol
a

nt

_33_



3 3.2.2 variables descriptions for SIC prediction model

. temporal spatial
variable source . j
resolution resolution
SIC one-year before (sic_ly) NSIDC Daily 25km
SIC one-month before (sic_lm) NSIDC Daily 25km
SIC anomaly one-year before
NSIDC Daily 25km
(ano_ly)
SIC anomaly one-month before
NSIDC Daily 25km
(ano_1m)
Sea surface temperature
NOAA OISST ver.2 Daily 0.25°
one-month  before (SST)
2-meter air temperature
ECMWEF ERA Interim Monthly 0.125°
one-month  before (T2m)
forecast albedo one-month before
ECMWEFE ERA Interim Monthly 0.125°
(FAL)
the amount of v-wind
ECMWEF ERA Interim Monthly 0.125°
one-month  before (v-wind)

71As s 7ML

=
jab)
=
[oN
o
rq
g
D
w0
=
e
i
ﬂl
_,_,
ofo
off
o
4%
O
i)

3t AP EH2E A2 Matlab R2018%] TreeBagger S5 AF&3tom, Eg 9 =+ 5070
2 A3tk CNN 222 Python 3.69 ®lIA]E Z(tensorflow)oll A A4 3F= Keras conv2d
RES g8 o, &= 3709 convolutional layers, 27§19l max pooling layers, 152] fully
connected layer= ¥ CNN 2d& F+=3899 0. batch size 1024, epoch-= 100, window
sizew 11x112 T3t o™, ReLU &4 3} 9 Adam H A3}t F+& A&
AFAQJA S fste] £ AT vdad 2ol F Al T/ SAVIHES &835Sl
mean absolute error (MAE, <2} 3.2.1), anomaly correlation coefficient (ACC, 42 3.2.2),

root mean square error (RMSE, <=2} 3.2.3), normalized root mean square error (nRMSE,

2] 3.2.4), and Nash-Sutcliffe efficiency (NSE, 2] 3.2.5)

MAE = mean(|predictedSIC— actual SIC!)
2] 3.2.1 MAE equation
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ACC— (mean (X (predictedSIC— (predictedSIC))(actual SIC— (actual SIC)))
(/ (mean (X (predictedSIC— predictealS]C)2 W (mean(Z actual SIC— actual SIC)*)

2] 3.2.2 ACC equation

RMSE = \/mean (predictedSIC— actualS[C’)2
421 3.2.3 RMSE equation

nRMSE = RMSE/ std(actual SIC)
2] 3.2.4 nRMSE equation

NSE =1— (X (actual SIC— predictedSIC)?)/ (X (actual SIC— mean (actualSIC))?*)
T2 3.25 NSE equation
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Easelme 1: anomaly persistence model

sic 3
. {month)

amaly T3 S 3 Cne-month
persistence wib B JEAE prediction

Qkhotsk

Biz-ring_._ﬂ"

Baseline 2: Random forests

=Ry I : ! ] -

BHEE " .= = H
Torox i . ; &

4 x 8 inputs ~ S0trees ensemble

Convolutional Neural Metworks

Conv. Layer 1 Conw. Loyer2  Conw Loyver 3 Fully connected

Sx5x8x128  Sx5x128x128 2x3x128x12¢ loyer
: - : 2

Input: 304 x 448 x 8 11 x11%8 7x7x128 Iu3x128  1xixsiz 1
(1988 - 2017)

Prediction accuracy

Comparison of prediction
accuracy and spatio-temporal '
analysis ]

Variable sensitivity

Examination of varioble
sensitivity of both models

Extreme cases
Analysis of extreme cases:
September 2007 and 2012

Prediction accuracy and deta:fe:l comparison

27 323 Y % o= AL 5E%

3. 7IA s 2l 2 F EEd 7|4 B2E o Hlu F FA

1988-2017 Hyt o= 2ol A%, baseline®® &8 % anomaly persistence model®] 33t
% RMSE7} 10542 WeEstal, RF 7|9k ®2do] 661%, CNN7IWE 29le] A9 576%%= et
b ONN 7]ube] mdlo] oZgo] o #oldh zloz vehyth o 9 MAE, ACC, nRMSE,
NSE& ¢ EE A el tiste] CNN 71 & €83 mdo] 7 Hold oS8-S B, Eg
e A EE G (0-40%)9] ol 58 Hgk CNN 7Hke] Rdo] 7h =2 oS8 E& HoF

d
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rlo
oX,
olr
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%

MAE ACC RMSE nRMSE NSE

All range | Persistence | 4.31% 0.95 10.54% 29.17% 0.89
of SICs RF 2.45% 0.98 6.61% 18.64% 0.96
(0-100%) CNN 2.28% 0.98 5.76% 16.15% 0.97
Low SICs | Persistence | 2.94% 0.54 8.94% 24.62% 0.81
(0-40%) RF 2.38% 0.96 7 930¢ 19.87% 0.90
CNN 2.13% 0.96 6.18% 16.87% 0.93

s SAGA nke] ofye}, A RE FEste] FIHH R o] Qs YA FESIEA
of et BAS FyFAY. 1 A, FHAA 22 H3 anomaly persistence prediction
modelZ} RFE 9o H|slo] CNNEPo] 7} v 935 Holil ¢S melting / freezing
season¥ #A glo] W 7HgtE] Gl dHEF gF5Ho] F2 AR UeET 53], Kara
Sea-¥| Barents Sea 7}#|]¢] @HolA FEg s vt Holia =], o= wWidtal
A7t = 57t ##3 fdE7] W'D Ao deAr; (Schauer et al, 2002; Arthun

et al., 2012; Kim et al., 2018) .
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(a) mean absolute (b) MAE of
SIC anomaly Persistence
{predicted-N5SIDC)

T

(c) MAE of RF {d) MAE of CNN
(RF-NSIDC) (CNN-NSIDC)

{g) mean absolute (f) MAE of
SIC anomaly

{g) MAE of RF (h]} MAE of CNM

Persistence (RF-MSIDC)

(CNN-NSIDC)
{predicted-NSIDC)

(i} mean absolute {j) MAE of
SIC anomaly Persistence
{predicted-NSIDC)

T (%)
0 5 10 15

(k) MAE of RF (1) MAE of CNN
(RF-NsIDC) (CNN-NSIDC)

a9 3.24 comparison among mean absolute SIC anomaly and MAE for

persistence, RF, and CNN models in annual (a-d); melting (e-f); and freezing
season (i-1)

2000-2017 3 9] melting season (6¥€ -
wdle] o2 23 2@ NSIDC SICe| REZ

1T 1=

9 digk A= g2 A7EA o5
B o] Ft}. anomaly persistence prediction model<
55 HAFAY, £33 o] 2dl2 melting season®l] SIC
FS HAY. o= AT 2dstE Qg e FAE F et
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A EateE ZAew wodnh vbd RF 2 CNN 298 AA SIC g (10 % v 2 90 % =
7 SIO) e dis] WA oFgk o 5¥S HAFrh 53 RF REe SICE A9 07 100 %=
d&ats o HFAHS BYrh e SIC 5 % vwhe] Ag F ond w
o] Bttt MukHow CNN Eulo] RFET U U2 o Ais Ho
484 % 2 ¥ WA 765 % RF : Fit F 592 % 2 FF A 977
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19 3.2.5 histograms of SICs based on NSIDC (blue) and three prediction models (red) in

melting season

o3 2¥S 2000-20179 Hit RF 2 CNN Edo] figt 94 o A= (RMSE %
nRMSE)E 4YEtdith, RF 292 E2E 7|7kl A CNN Edbdg v o= 44e=s Bt
CNN 2 Ho] o= H8:+= freezing season (129 - 39¥€; 6.13%)E U} melting season (6%
- 99, 541%)°l A o =A YERRTE 18y RMSEE dlo]g o] Mol ofgh ddke] A7) u
o, sjAdd Fo7t "adith o= =W, RMSEZF A4F4 © 2 melting seasonol] YA UERSE
tF (Chi and Kim, 2017). °]e] & <AelA= nRMSER® 37 ®lastied, vl A}
nRMSE+= RMSE$} vt é] sl S HoFdu. x5 HAE AR&ste] A st ¥ RMSE« €
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W SICH Hold RxE melste] oF JFEE A @ 5 9v] WRelth CNN mde]

nRMSE 4] A3}, melting season (6€ - 99,; 19.09%)3} freezing season (12¢€ - 39,
14.08%)°1 A RMSEE €83 43 vy = sjdo] #FH ATt o= L Uit 5= 3l

Hlol o Ax] E3k FFAa R 238Fe] melting season®] SIC o] =0 oY H S =3t} (Stroeve et
al.,, 2007; Chi and Kim, 2017).
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—RF (RMSE) =——CNN (RMSE) == RF(nRMSE} == CNN (nRMSE)

1% 3.2.6 monthly prediction accuracies between RF and CNN models

HS

o 4 Ao AFow, CNN R oF HFgre] A7t Edes #4383 o=
freezing season (12%€ - 3%, nRMSE 14.08%) % melting season (62 - 9%, nRMSE
19.09%)l &t} Wk &= FA7F YERSEET], melting season® nRMSEE < 2 d ¢t
(2000-2017) =7} FAE BAuk. wiEsk 7] 2% (Hassol, 2004; Zhang et al., 2007), SF&
W (Maslanik et al., 2007), =<2 a4 2% (Steele et al, 2008)& X33 5= 372 W
st7b F <t 715 skel gEo] AstE A7l WZol, melting seasonell Ik W F
= HS ofgA e AR dddn dF o, 55 W WHes ddA Xe w5 7]
S, dArEe] Wzl ofFd gy Alo]E &9 I e vk ddom Qe &5 e
2007 A5 20129 AEol AA F A HA WAS Bl Aol vk (Kauker et al., 2009;
Kay et al., 2008; Parkinson and Comiso, 2012; Zhang et al., 2013).
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19 3.2.7 annual changes of prediction accuracy of CNN model

oA 23 ey wAe] Havh HAY oY A4l wie melHs mlasty] 918t
20071 2 20121 9€ ¢ RF 3 CNN Edlof &3] o= & SIC 2 2A SIC o= A& vl
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2 23.95%).
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2 7] @A =g EAlekeH, B A7Y =2 long-term effectE 1# A ZITh=
SHAIZF Aok 20079 % 201219 s WA A T, AEEe] vABAA)] S trix

A
A wylo] olgl A&HoR mERY ALy BH /ER AP ol f =G AT 3] of

1o
ol

=2 MY A Y Wstel &S %ol PIHT (Devasthale et al., 2013). 3, i F7
=3 Y WEE dSshedel o] T8 942 83T} (Stroeve et al., 2008; Chevallier
et al., 2013; Zhang et al., 2013). 3tA| 5, AA &8& 7}53 W FA 4AHE=9 718440 Al
Hol A7l W&o, e FAE nEstA Esidnh riAY FAHN S Hed Edo a4 Y
IAME = 4 Ak & Lz tE, CNN 719 convolution #o]o} 7ke] Extatal wiAd g
Z] 2 Qdste] Aol oj# o] ATk (Koh et al, 2017; Guidotti et al., 2018). 39
ded ATE heat map &2 occlusion map 59 7IHE F&3le] AZt3} 7]k of 4L A
S3tal & AAolth (Brahimi et al, 2017; Trigueros et al., 2018). &y & AFolx= H
T Aol HIAAF A AAl W3t BEE S AFEA ZPoke ol Aol EA T
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19 3.4.1 Example error characteristic of SMOS and CryoSat ice thickness
retrieval from SMOS (Algorithm II*) and CryoSat2 (AWI-retracked) with
uncertainties from data products (Kaleschke et al. 2015)
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19 344 Comparison of ASPeCT-based ice thickness and the SMOS-SMAP
retrieval (Patilea et al., 2019)

AW FA 9 reference® LI F U= AFAATY A, otEet 2ol A A EFH9 &
F B 87 AT

A2, NASA A =83l IceBridge (The IceBridge L4 Sea Ice Freeboard, Snow

’

P2
w2

Depth, and Thickness (IDCSI4) product) AF=7F At} o]+ 2009 03€FH 2018 04¢ 7}
A wid 3-49e] S8t o, of A0muttt ERIE @9 o SAHARE AT SAH &
2% = AH]+= Airborne Topographic Mapper (ATM), Snow Radar, Digital Mapping System
(DMS), and KT19 pyrometer 5°] &&% 1 o9, freeboard ¥ snow depth =47 &8

ste] g How d FAE FAsa Uk
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‘Sea-Surface Helght

19 3.45 a brief diagram of the IceBridge L4 products

HE= 2 A e AT oA (free board E°]¢ snow depth ¥ WEAm &-8).
P Pw — Ps
— — B,
pu:_pif & Pw — Pi
2] 34.1 hydrostatic
balance equation
IceBridge AF5.9] 49, ofefl el Zo] #FAEE ATt o

uf 7FH3E hydrostatic balance model ©]&3lo] A o2 FAE FH

s gl

Estimation
l ¥ ¥
ATM Elevation > ATMFreepoars B  AonaTrack Lol coniice Thickness
Freeboard
Snow Radar > Snow Depth I

il (

o,

~—

&

o, zt b= grell uig =

g dlolg wgk o] &8sk 4= Q) o] kg &-83k quality control (QC)7F 7FHs3stH, 3l
W) EES B8] oldel NHT F Y= ARE MAuste] 2 B8 & qrh
3% 3.4.1 Parameter lists for the IceBridge data
Parameter Description Units
Lat Latitude Degrees
Lon Longitude Degrees
Thickness Sea ice thickness Meters
thickness_unc Sea ice thickness uncertainty Meters
mean_fb Mean freeboard from the combined ATM and DMS | Meters
data set
ATM_fb Mean freeboard from the ATM data set only (may be | Meters
biased due to the loss of data over thin ice and water)
fb_unc Freeboard uncertainty Meters
snow_depth Snow depth Meters
snow_depth_unc | Snow depth uncertainty Meters
n_atm Number of ATM measurements used n/a
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pcnt_ow

Percentage of open water detected in the DMS

imagery over the 40 m area

n/a

pent_thin_ice Percentage of grease ice and/or nilas detected in the | n/a
DMS imagery over the 40 m area

pcnt_grey_ice Percentage of non-snow-covered grey ice detected in | n/a
the DMS imagery over the 40 m area

corr_elev Surface elevation after the removal of mean sea | Meters
surface, atmospheric pressure, and tidal corrections

elev Mean ATM elevation Meters

date Date of measurement in YYYYMMDD format n/a

elapsed Elapsed time from the start of the day in UTC Seconds

atmos_corr Atmospheric pressure loading term Meters

mss Mean sea surface Meters

ellip_corr Conversion factor between the WGS-84 and | Meters
Topex/Poseidon ellipsoids

tidal_corr Sum of the ocean, load, and earth tides Meters

ocean_tide_corr_ | Ocean tide for the surface elevation Meters

part

load_tide_corr_p | Load tide for the surface elevation Meters

art

earth_tide_corr_ | Solid earth tide for the surface elevation Meters

part

ssh Local interpolated sea surface height Meters

n_ssh Number of ATM measurements used to determine the | n/a
nearest sea surface height estimate

ssh_sd Standard deviation of ATM elevations used to | Meters
determine the nearest sea surface height estimate

ssh_diff Difference between the centroids of the final and initial | Meters
Gaussian fits to the nearest sea surface height

ssh_elapsed Elapsed time since the last sea surface height data | Seconds
point was encountered

ssh_tp_dist Distance to the nearest sea surface height tie point Meters

surface_roughne | Standard deviation of the ATM  elevation points in the | Meters

SS 40 m grid

ATM_file_name | Name of the ATM file which the surface elevation | n/a
measurements were from

Tx Mean transmit signal strength (40 m  resolution) of the | Relative
ATM data

Rx Mean received signal strength (40 m  resolution) of the | Relative
ATM data

KT19_surf Surface temperature from the KT-19 instrument Celsius

KT19 int Internal temperature of the KT-19 instrument Celsius

low_en_corr Correction added to the ATM elevation data for low | Meters
signal strength

sa_int_elev Height of radar derived snow-air interface relative to | Meters

the WGS-84 ellipsoid
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si_int_elev Height of radar derived snow-ice interface relative to | Meters

the WGS-84 ellipsoid
my_ice_flag Flag for ice type, O: first year ice, 1. multi-year ice n/a

S Qlth Fol g F$, 2005 - 2016 Abo] w3
f 7t Yolw $E ARES 24T 4 Ar} (017-20199 BEAEE QA/QCE). 447 T3

f

%4 ARE AFHL Ak F 44 FFY FolE £9Folv, ZHYRY Fol: Ak &

X"

A &S Meteorological data, mass balance data, temperature data, metadata = &%

t}. Meteorological datat® air temperature (°C) and air pressure (mbar)E& A3}, Mass

sy

balance datax™ snow depth, ice thickness, top of ice position, and bottom of ice position
(all in meters)E A &3}, Temperature data:™ air, ice and ocean temperature profile data
(°C) from thermistor string(s)& A&t} vlA| 2 Metadata®] 7 - information about the
individual buoy, its deployment, operation, and a summary of the mass balance statistics,
including total ice growth/melt, total snow accumulation/ ablation, and dates of melt/freeze
onset during each full growth or melt season that the buoy operated®] w3t AKX E A 33+
ooeh A, Folol 54 4, ofdl adel e SlE e e Aol AX-gdes] o

A Aol wj&o] first year ice 22 thin sea iced] 3t #Zo] ojHl= A7}

AIR EI_

Sea Ice

C sounder.

W aker

a9y 346 IMB buoy diagram (source:
http://imb-crrel-dartmouth.org/imb/)
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1% 3.4.7 IMB installation (source: http://imb-crrel-dartmouth.org/imb/)

A WA 2 Ice Watch Arctic Shipborne Sea Ice Standardization Tool (ASSIST) Data”}
ot &3 o] A (https://icewatch.met.no/about)l A EE 282 I=5/888 4+ 9o, 3iH

g
BN FAFAE 7R FHEo] ojFolx= 5Ao] Sk o= HwyolN &HL

-

159 Az A e 93 ARE mE fdeta glom, wmede] 74

o
rr
fd
uly
o
=
=2
R

N

Lo

AT, geat dAoilas qgtu, T4 55 A7l LAt Ay 4R UESI]
&

_0|L
rlr
>
fu
Lo
J|m
oX,
ox
re
B 5
it}
2
ok,
—r
X,
N
N
o
f_t
—
o
(@)
S
e
Ho
1o,
0,
>
2
r o
S
e
il
f
o,
R
o,
=

_56_



ICE WA MNorwegion
‘I_ O Metnarologleal Aboit  Logn ! Greme Asoount

A IDALItULD

Guade o coliscing med upinazing cea

Cxrmiiin ASSIET

R Sl N 47 1 D 27
20kt Fonedy- A 020 Aug 5

40 it Satiedy 0w 1010 % 30

S0t ety Jud 67 T i 1%

o
@
o
o
[}
o
L) o
o
L]
o
o
o
o
o

a8 348 Ice Watch A2 FF Al 3FdH 2 28 EXLT  (source:

https://icewatch.met.no/)

Observed Sea lce Type

i

Al F7el delE = ot ok #Zol g 5 Utk A AH 83lxel, IceBridge AR S
kUl

ALl ek 7 A HEE thin sea ice #FA7 &8 SHAZF e AAo|Y. web B AFgA =

W

IceBridge ¥ A 5E5 ®lE o2 thin sea ice (first year ice?} ¥3t%d) o 574 F4 RdS
Akt

IceBridge #5759 QCE 938kl ¥ AFolA= NASAdA AFs= guidelines bt
(1) Freeboard®] E&24o] 10cm ©]&}, (2) Thicknesse E3240o] 1m ©]3tel 5o that

=
ot MW F Yt BEARE we, 2o BEHY

3 3.4.2 available data sources for sea ice thickness

Source Coverage Spatial res..Temporal res. Variables
In-situ IceBridge 2016- Points 40 min. Ice type, snow depth, SIT
Ice type, SIT, temp.,
In-situ | Buoy (IMB) 2000- Points Hourly
pressure
Ice type, SIC, SIT, snow
Shipborne
In-situ 2002- Points Hourly thickness, melt pond,
(IceWatch)

algae:--
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3 3.4.3 available satellite data for SIT estimation

Temporal
data type Source Coverage Spatial res. Variables
res.
6.93, 7.3, 10.65, 18.7, 23.8,
BT AMSR2 2012.07 - 3.125 - 10km | Daily
36.5, 89.0 GHz H/V
18.7, 23.8, 36.5, 89.0 GHz
BT SSMIS F18 2012.07 - 3.125 - 25km | Daily
H/V
1.4 GHz avg, RFI,
BT SMOS L3 2012.07- 12.5km Daily
uncertainty
BT SMAP L3 2015.03- 9km Daily 1.4GHz H/V
SIC AMSR? 2012.07- 3.125km Daily Sea ice concentration
Sea ice type (FYI / MYI
Ice type| OSI-SAF 2012.07- 12.5km Daily
/_ambiguous)

71 passive microwave &8 s A F=4 AT A5, 6, 37, 8 GHz (vertical pol.),

gradient ratio (7/19 and 19/ 37, vertical pol.), ¥ 1.4 GHz (L-band) ®+& €& &8& 3t

J+= Aoz yelut B AFod= AMSR2 2 SMOS¢ SMAP #d=xa =25y A
NE WFER 159 o™, 3-km grid2 W3l BASAT of xeo o] F T W
T= Z839 21, penetration depth’} 714 2 L-band®] 7|50 939, 1.0 olste] gk

ES
el g FA F4 2 st 55 Aol i@ #4s sdstden (180°W
50° =y

€ g S+ 20159 F-H 20199714 AlE = Q=

3 3.4.4 mput variables for thin SIT estimation

variables source temp. res. spa. res.
DAMSR-2 BT JAXA, AMSR LIR Dail 3125 k
i )
(GRI8-36 and GR 7-18, v-pol) ’ ay m
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2) SMOS BT ICDC, SMOS L3C Daily 125 km
(average of H and V-pol) and RFI
3) SMAP BT
(1,4 GHz, H and V-pol) and surface NSIDC, SMAP L3C Daily 9 km
temperature

2015-2019 IceBridge #=xtg 9 2% 3125 km9 gridoll 9o miHadS W #A #=
At2E oty FZ= 2ol vkl viel 2ol 0 - Smo] tdd B¥XE HolFu Qv A
B A= 0.8m ©lste] FAE A E ok Wl tiste] 2HS wE7] 5ke o &
% 1.0 m o]3te] AuEw w2 FHUATE o] HAA B AFAR 4ol e, 4

WA o7 F 2255709 AZo] 3HH ¥}

E 4%

1% 3.4.9 IceBridge data distribution and histogram (left: overall, right: thin ice
with 3.125 km-mean, 2015-2019)

g
50712 AAstelth @, oW #ASA BE T BSAR WALE BFF| ¢ste]
E

¢ W Al &9 (oversampling) 7]

t

WOl olelgol dgsy] ME, 10%9] AW BAE HEF ABS F7F Y] wu F
Aol FEaAQh /1€ 225509 BN F 3650709 AER Fgs o, FANT 28
stol ghe T FAol td i ResuA Hsinh
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ofo
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2

o] F- o5 EHle] JjMo] o]Fojxl Aow FRIFHAT. 7]1E£4] unbalanced HEE
Fotds A5, B0em ofste] ®uh gF siWel i mejHo] gujHow wHojx= why
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350

300

50

SIT o6
200
(RF)
150 0.4
100
&2 o y=0.4193x+ 0.4068
50 o R?=0.4174

0 0.2 0.4 0.6 0.8 1

1] 0.1 0z 03 0.4 05 06 0.7 08 0.g 1

0.8

SIT
(RF)

0.6

0.4

0.2

y=0.6037x+ 0.2724
R? = 0.6906

0 02 04 06 038 1

V] 01 02 03 [ as 0.8 o7 08 08 1

19 34.11 RF-based SIT estimation models (upper: before oversampling; lower:
after oversampling)

71E AEEEMN AT EI 3l CryoSat-2 (CS2), SMOS, CS2-SMOS 3" F7¢Fe] vl

==
JE =2 freezing season®] el AW A& star Qo 2 A L3 IceBridgeol Al Al F-3t=

3499 Auwe Bgeka glol, mde Ass 45 v EAS §olsttu Rusgit
B oAToN BT PEARE B 125kmel FAALER BFo] Rud sgon, 1 A
g 743 e A 29 Lom olshel e AW Aol B JREE wusg

92 &gl thslo] IceBridge sl 7 #3859 CS2, SMOS, CS2-SMOS & F7] 4t

25 Aauws A7, RMSE 713 CS2 (0.16m), SMOS (0.19m), CS2-SMOS SIT (0.18m)
o=, gF2 it thsto] i or moHo] w2 Aow yEytow, o5 Hse] RF
7|9k wdlo] oF 0.13m9] =2 AL E YEUATH

¥ 3.4.5 model accuracy comparison with thin sea ice from IceBridge

CS2 CS25SMOS SMOS RF model
RMSE (cm) 16.66 19.29 17.96 12.92

_6’]_



N

N_.o

A
A

)A
N

BoAqo A sk RE 7)Wke] ¢F

o= et AMSR2, SMOS, SMAP®] A

9e wol:

2

ol
Ml

N

el

o AT,

<3}

=
=

79| &3 Z (unbalancing) |

Ho

FA| 9, IceBridge ¥

)

3|
pul

b we A, w

AA o] £

e

o)
o

7b BHE.E o} Q1A

X
_zfi

B

o}
£

o
of
il
o

ol

ol

_62_



A 5 & Sentinel-1 SAR®} ARTIST 3% ST & o]-&3 E2 3jdl
=T 1\1-/(-“3;].

4 T U & a F A %

Y %o P3FS mxE= QA Sentinel-1¢] HH, HV ¥ YAzt AMSR2 7] &%
o} 2 yfHdE A L 2d|E o]&dy Y TEE mody Forst & <
AR F= 2} s}t
okt BAZIY 2 JASE S Y ZTYAE 2 AAEES o]8% dW & g
83 ] 5 A E wd s 2 n\lw

¥ o Z= ulol ™ A
7"]]7‘%& 1_1]]' 'S.S_E -J']“—v ‘;\— okﬂ ﬁ]@mi 1_*/:,: _Q_E—g— l:l]jj_l_ %@'
3 dugE N 2 HA3

55 A9 24 a9 iy Atole] A% TAFHQ v=wlow 7|5 wistel] AA 7]l
tF(Aagaard®} Carmack, 1989). €zldol] st Fg 42 v=ao Eo Hlg |yl Iu=r}t
F7] W] dAsTh W FE=EI0E e FEE U e dld WA o=
gl WA dRREow AojHAr, 5 wolaRWE AN, 7HA G, d HeHd H SARE
EFgE o] F o Aol BF AJA SICE FHsk= d AHEH AT
= 1979978 XY 759 fiel dAgle]l B AEelA wd

Y FEE AFst= o o83 vt Scanning Multichannel Microwave Radiometer

&
i
o
o
T
n
Y
>

(SSMR), Special Sensor Microwave/Imager (SSM/I), Special Sensor Microwave
Imager/Sounders (SSMIS), Advanced Microwave Scanning Radiometer - Earth Observing
System (AMSR-E), Advanced Microwave Scanning Radiometer - 2 (AMSR2)%} 7S of g
Adel L Y sx=E FAs=tl AREEHSAT. ool wEl NASA Team (NT),
Bootstrap(BT), Ocean and Sae Ice Satellite Application Facility (OSI-SAF), Arctic Radiation
and Turbulence Interaction STudy (ARTIST) &i® %% < igE(Cavalieri %, 1984;
Comiso, 1986; Comiso &, 1997, Spreen &, 2008) & o8 & violm=zng Al 7|Hk &
agFe]l MEHAT. ol F FE wiolARuERAA Wk daugEe B A o)
3.125-25km®] &3t #dls S At o] F ARTIST dlW sXxt F5 vho|a=ZIAA 7]
S vx F A=/ M 2 AMSR2 89GHzE AMEE) 3.125km A E3lFo® SIC
E A&t (Beitsch et al, 2014). 1153 Hd& o8 W == d7] of WzksA| gt
T Balso] =ve FHEE 7HHY (AMSR-E9 49 6.25km, AMSR29] 749 3.125km).
NASA Team @ig]&2 378¢ SSM/I #d (194GHz % % <2 3 9 37GHz 2
HF) & AR&siH, 1) BF 5 29 ES A HlE AL 2) gl gl WE tie-pointE

749, 3) 717 FdFel A7 miek o] wALdH] SIC #e

N

o\

o2
o%



AAG7] g 7174 LB AFEo] @AE o] FojA vt (Cavalieri, 1994; Cavalieri ¢, 1996;
Gloersen ¢} Cavalieri, 1986; Swift ¢} Cavalieri, 1985). NATA Team & 1g]=2S 47 A&
ARk =3 239 dSel 9 W vk e FaWvbste 497 B (Andersen ¢,
2007). NT &aglse 153 AE(SSM/IY 45 85GHz, AMSRS 749 89GHz)= Ab-&3to
NT2 daglss 7/HEsty] s Sgs3iom, ofs & /Hgd nitel g tj7] a34= =
A 4= A (Markus and Cavalieri, 2009, 2000). NASA Team ©¢]¢jo] g o] <y
%< SSMR A= (Comiso, 1986)& ¢l 7I¥¢¥ Bootstrapo. 2, SSM/I, AMSR2¢} 22 A=
% vho]A R aHAA (Choi 9+ Noki, 2015; Comiso, 1995)° A& %o A5o] s

Bootstrap €18l F8H €5 d9GEIY s=7F 100%°] 7H7he 323 d5o] gl 9

22
o

Mo

o
12

(A F=7F 0% 309 F 7FA 3™ fF3o] AJvka skt gAld A4 A selA ¥
259 af wH BEE o, oF2 A5 Aol digt S8 gy @ wgsthr] wol
A2 oz ¢rAE Z3Fo]l glth (Andersen ¢, 2007; Comiso, 1995, 1986). Svendsen £ (1987)

< SSM/I®] 85GHz #d 9] =& 3 #3les €8T AES At o]+ sl Kaleschke
9] (200Dl ol Atk ARTIST % s% dirg]FS Svendsen ¢ (1987)7F Al<bgk
gk A (SSM/IC] 4% 85GHz, AMSR®] 7-§- 89GHz)¢l ¥ %= 2d& AF3 A4
(19, 22, SSM/I9] 7% 37GHz, SSM/1¢] 7% 18, 23, AMSRE] 4% 37GHz)lA A E &
w7 259k Astslti(Kern 9, 2003; Spreen <], 2008).

MODISY VIIRS¢} 22 333k 9 Ao A= s w55 FAst= o AFEHEA. T

g bl AE A48T F AgdE BTsm, 3 94 AME FF shlazsadng o

=0 7k A EE AFTE + drt Drie ¢ Heinemann (2004)& 23 sio] THL% A}
ole] H]&& AAkstel MODIS Terra #1445 o83k 1kme W % dugFS 7Idad

Ahn ¢ (2014)2> MODIS #tzolA ¥ wirpel A5 Atole Hlgd 7F5XE %835t
AMSR2 10km SICE lkm= AFA13bglth 2011 0] VIIRS $14 ¢ AL o] 3 VIIRSOIA 31+
TEE FAS] AT oy A= AAEHAT MODIS HE= VIIRSOA SICE A4 FAg
2 ol® uadE F3 AAE FEF uto]ARME A V) W Freo] dig FE A}
T2 AFEFHAT Chi ¢ (2019)2 g vlo]a =234 719k Bootstrap 2 ARTIST &Y 5%

TRE 47 918 MODISE A& 3th 500m &% =<] MODIS ~7]gt 3
H 5o s A7) g8 ~9Eed £35 24 (Spectral mixture analysis; SMA)¥} 21F A A4S
ARESEATE B2 T3 AR ool AnEE, 75 oAl AW TEE FET F fle

Ae 53 FEol @ol 2 ¥F oF B AW $EE muHd oA B3 MM A



Ho] gk} (Dierking, 2013, 2009; Han €], 2017, Han % Kim, 2018; Karvonen, 2014; Scheuchl
9], 2004). #H<t SAR 7IHF &W sx FA4 dig diFEe] A= AdF 21 E(Cooke and
Scott, 2019; Karvonen, 2017, Wang €|, 2017, 2016), A2 E W& wAl( Huiying €, 2014), #
| ¥#~EMHan ¢, 2017; Han % Kim, 2018)& 233 7[AgF 710 HHS o] &3k

AsHs 710 S B Ao g dTe] dyEe FA dolH AW FEE Agdh

W s Fdeke d AgtelA &k 13 s AEE 2 yete V|3 E AleH s Gy
|G A it o2 o] &35l7] ofHr} tifie] d4e Td AEZIH AFEQ] )
2 AFE AT < Cooke ¥ Scott (2019W)2 =% wlo]ma 2 ubAlA 7|4k siH] %

E 9 AR2 Agst il AE Al E vholazakAlA V)b sy

off
il
o,
oo
o
kW)

o AR AR e AA, FHH Y vhG, W2 A s 1Fd) 2AE &3

1. 7o ALEE XIE

(7}) Sentinel-1 SAR

Sentinel-12 FH-¢F=(ESA)9 #A=2UF2 T2 94 F stuo]th Sentinel-1& 2
S AEHE THeE F M9 9949 Sentinel-1A (S1A)9F Sentinel-1B (SIB)Z FA = o] ¢l
o 7 949 Alxme 129 RS TS JEAY AbelE2E 175709 ARE @A P S1AS

SIBS] 2#e 4% A% 2 4% ARE RF neld u 30e] AR A0S vk ESAE

(o]

43 & AEE SNAP(Sentinel Application Platform)E A& 3t}
SNAPS WAbd BA vbd wol= A 2lAMEY 9 EAolaE X33t Sentienel-1 E8F2~
(SITBX)& Eall 7|24 dAHe 715S AFdrh Sentinel-1 2 SNAPo| o sk AAleh 4w
= ESA Sentinel-1 AR-&-2F 7hol=
(https://sentinel.esa.int/web/sentinel/user-guides/sentinel-1-sar) ¥ ESA Science Toolbox &

Z(STEP; https://step.esa.int/main/toolboxes/snap)oll /]  &<1& 4 it} B Ao =
Sentinel-19] extra-wide =5 ©] &3 o]& 40me 374 NFEE 7M. Extra-wide

Eol M= HHeF HV 933 uE At mepA 2 Aol s 20183 1258 99744 9]
HH, HV 2 94AzHE 48 A8 2 o] &stlen, oAl= ot 1d 3 2



19 35.1 Sentinel-1 HH, HV, YJAFZHe] o A]

(\}) Sentinel-2 A&

Sentinel 2= F 719 EY AA=Z FAHC. Sentinel-2A <} 2B. Hlo]H 7 8¢5 Yo
8] E7Fs38tE et Sentinel-2v &5 A6 =& A E(10m, 20m, 60m)e] ths ~HEF

QA AT 5 Atk B ATANE Sentinel 2] 7HA FAT Bl 60me] d A4S

Agatel g 249 SICE AF3He

sty A5E AFs7] 98] ARTIST siW =& A&t ARTIST dlW F:+& 89GHz
Ade] AG 2olE ALy Eo go] ¥AEM gwET} ARTIST gaglZdAlE AMSR-E

Ao AFa dS 7bbo g 3 7| AHE H gkt olgsk 714 ZH = SAR 94, F
gl go]E i Ayl A=H9 7o 2 goly ZH 9 AZdHow nuFyPS uw B 5 9%
o] mixed ice zoneol A dHW FE=7F AASA HAst= A7 B ARTIST s 5%+ ¢}

‘|_
g 5% vlolARTIA W datelFe] WFTtE eRE 2 glow, B 4% vlelany
AA A Y FEd Hel Bk Balsel ¥/ (AMSR-ES ¥ 2EE AT B
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input: | (None, 3)
SAR: InputLayer
output: | (None, 3)
input: (None, 3)
SAR_layerl: Dense
output: | (None, 128)
Y input: | (None, 128)
SAR_layer2: Dense -
output: | (None, 128)
input: | (None, 128)
SAR_layer3: Dense -
oulput: | (None. 64)
input: | (None, 64)
SAR_layerd: Dense
output: | (None, 64)
input: | (None, 64)
SAR_layer5: Dense
output: | (None, 32)
Y
input: | (None, 32)
output: Dense i
output: | (None, 1)
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A 3

Artifitcail Neural Network

Input layer: Sentinel-1 inputs
(HH, HV, incidence angle)

Hidden layers : 128-128-64-64-32 nodes
Output layer : 1 output of constant value

# of samples : 4,144,059

AR T

o] 1007 @A F=E3 AES o] &sto] g Rl Yo

o A 23 (RMSE)& 16.38%7F 1k
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SAR-SIC ‘ SAR-SIC = R
500m ) .:-Ir Soe

» van

19 357 ARTIST
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