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AR SC B AE T DK I T A6 VK 20 2% 1 0% s
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B BE v W 5, 79 4 B 4 i, 65°N~80°N FlI
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Sentinel-1 T2 A Wi FL1%2 75 ik (SAR) C i1 Bt # 58
i (Extra wide, EW ) B0 GRD = 5 58, A
H A5 23 1] 43 BE R 90 m, fR 3 43 BE 3 40 m=40 m,
R A2 (HH A1 HV)'™ . Sentinel-1 f 2 i 11
B 20 %, 47 W b Sentinel-1A F1 Sentinel-1B.
Sentinel-1A T 2014 4= 4 H 3 H & ¥} 7+ =5,
Sentinel-1B T 2016 4% 4 H 25 H & 5 2y, i 2 i
TR T W, s A 258 180°, AT LA SE
6 d T8 1 RO A BR I T8 2 AL, X U AR H X
HYTFIAF 1 do fEARSTBESE, FRATT3EE
H T 5 5 Sentinel-1 %, HAR {145 .2017 4F 4 H
2 H Sentinel-1A ZRHU) 2 5t 2017 4F 4 H 6 H
Sentinel-1B KA 2 5= LA J& 2017 4F 4 J1 8 H
Sentinel-1A ZRIUP) 1 5. 105 5 SAR K& TE
BRI X E R B E 28T S &
SAR FEME 1) 5 1k % 6 1 (1] 2a~2e) S HAH B 1Y)

(c) 2017.04.06-1 color

(a) 2017.04.02-1 color  (b) 2017.04.02-2 color

() 2017.04.02-2 HH
grayscale

(f) 2017.04.02-1 HH
grayscale

(k) 2017.04.02-1 HV
grayscale

(1) 2017.04.02-2 HV
grayscale

(h) 2017.04.06-1 HH
grayscale
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grayscale
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Fig.1 Schematic representation of the SAR images in
the area covered by the Beaufort Sea
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Fig. 2 Original colour map of 5 SAR images and their corresponding HH and HV grayscale maps
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1.2.2  ERAS #J1# %4

DM A 1 R AR T H o0 (Buropean centre for
medium - range weather forecasts, ECMWF) #f£ 1}
i 4 BR 543 M7 %P5 52 ERAS (The fifth generation
(https://cds.

eu/cdsapp#! /dataset/reanalysis-eraS-

of ecmwf reanalysis) climate.
copernicus.
single-levels%3Ftab=form? tab=overview )&t T
M 1979 4B B A —HE 2 iy B B a4 , 23 [ )
BEAR N 0.25°, I ] 73 B2/ NG00 . FURFEZS
AL 240 A A AR R K RS a R
R A, O 4 BRI B T A2 B
Pt B BORE

VKR ST 2 N R Z AAF7E 6 % H.
HIRHIKFR . NIRRT , 2 2R L[]
AE FH 52 0 45 1 KSR BE B 284k ZEHE UK B A K 5 T
R A, R PR AR SRR A OGS I 2 T vk i

F14) A B 25 S o AR A ) 8 ek ), YA ARE R
SRl Z 980 B B T VK EE 2] fig R U Ak
SRR T AR S AR TR VKR DL R S 0 vk R
TET 9 P55 380, PR O R 9 PR G S TR N T R
T EE A — 22 1Y D& 2R 5 WG o 4 sl vKaz sl Sl A
FREE S 40 S5 R i T AR A Y AR Ak R IR B g
% 5% W) VA K 1) Ak DT 5 B0 KR AR AR 5 5
G, g VK S B R R I 3R 2 A — 8 KR ST
FE T RE KR DK 0 R R A AR K 25 5, Bl
M VKR AR AR VK B RGBT R 0.5~0.971,
TP 2 PR 2R O, e [R5 ) 2 Vi KR
AR

25 b 5 g UK RE Y R A ) 2 R AL FE
GRS PRS2 m AR B RIRE 10 m 5
FE R 1 A (u) (10 msg B2 R 28 m) KL (v) VT 2
FE TN S R AR AR AN SR 1 R .

x1 RAFHESH
Tab.1 Thermodynamic characteristic parameters

755 4% Variable name # Y75 English abbreviation AT Unit

JEIER T Surface sensible heat flux SLHF W/m*
W IER T Surface latent heat flux SSHF W/m*
2 m & 2 m temperature T2M K
IR Skin temperature SKT K
10 m &5 B A £ 1] X (u)

. ulo m/s
10 m u-component of wind
10 m i B B9 22 XL (v)

. V10 m/s
10 m v-component of wind
2R Temperature of the snow layer TSN K
T 5z 5 R Forecast albedo FAL %

1.2.3 g ok JS B K s

AT AR 1) 1 KRS B B O B T BT 2R 31
T 5 M 90 BF 58 B (Alfred wegenerinstitute,
helmholtzcentre for polar and marine research,
AWD) 7£ 2017 4F 3—4 H ) — A J0 i A AR 480 10
B, HEE 20 50 Uy I8 e, 1) AL AR B i %,
#% (Electronic warfare, EW ) #4752 Bl = Jf- 115
AT HBE AR 2 26 B 5 H 35T g [
UKIEEJE 5545 B, F 245 4% « (https://doi.pangaea.
de/10.1594/PANGAEA.924848) .
1.2.4 Kl vmisk 2

X Sentinel-1 EUGHHA TR P I FRHIERSE |
PGS LR R | IR A DA, HE
b BUERE R SR EUE SR RS
AR LRI — R TR 5 AR B A

WP s RS T2 B BT E AR A P R S
P BERLIEG L 22 AL TR T B2 A0
(R 5 73 DRSS ) B R B R R e (T
Hllmorbir. BARTUEBRARE AN 3 s

SUBLRHAE 248 PG ) SRR A A SEHAE
RE % 2 AIE AN 7] 2 531) iy 1 1) S0 B B0, 552 40 35 4
ik, T URAEAS [) B9 2 B B, AN [a] J5E 2 £ 9 oCHG
FM SRR 2 S B 2 3 A 25 5, i ad S B
BHUREE 50 92 40 R 55 i KR JRE 2 1) ) T A
RF AT B T4 e DRRE BE S A vER P 0 IR
JBE b A e T ] {5 B0 B 2 i) 0 A MR JEE
RKAWAROE , Bl i 8K -g & E
K PEAELZ [0 (425 18] 5 28, ) JH A B i) G A e
FRAEELAR A A PG 0 SOBRRR A, B 45 1%
JRBEAE D5 ) AHAR IR A2 i B2 L 5 6
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AR SCHE TR JEE 36 A 4R I SCRURRAIE , T
HH A% A0 3t 4 3 T AR A 2 A4 S0 5 T HY
PART, PRI F HH B Al 5 AT SO AE £
W, SO SR BOT B 4 S BOR 3 H R

J5 18] AR Sk d HUIK BE AR, A S S0 5]
K 9x9 BT F1 207 T AT A RSS2 4 F1 32 11
TR E 282 MR Haralick 52 SR B 847 S0 HLER
TR TR 2,

o= i e i i i e e i i i e e o e S e i o '
1 ]
1 ———— — ——  — e — — — 1
1
1 Sentinel-1 SAR %} IR IE » g I R .
. Sentinel-1 SAR data ‘ Orbit correction " Thermal noise removal -
‘ l '
1 ]
1 '
1 ]
1 T
T A -
l Sl . B SR :
- Decibelization s ppler K B Radiometric correction = }
. | correction |,
1 ]
. '
B3 Sentinel-1 BT IERIZE
Fig.3 Flow chart of data pre-processing of Sentinel-1
*2 GLCM SUEHEER
Tab.2 GLCM texture feature values table
SR FR A, SUHURHIE 24 FR NN
Texture feature name Formula Texture feature name Formula
X HLBE Contrast ratio Con = E?f:l(i -j)’P, F KA Maximum probability MAX = max|P, |

. Ng . e
HH5+PE Diversity Dis = z’,;: Pl =l J#i Entropy Ent = zw.: (=P In(P))
Ng Pi_j X 1 Ng
[A i Homogeny Hom = zw SR {6 Mean value Mea = Nigzz,-_, Py
Ng ey . Ng .
B Second moment ASM = zw (P 777 Variance Var = zi_/: PyGi=u)?
~% . o . LP; -,
At Energy Ene = | z\; 1(P,v,.)2 N Variance Cor = 2‘”7’
N ij= 4

0.0,

VE Pl o 2 PGSRy 2% .
Notes: x and ¢ are the mean and variance of P

AT ST B AR YR AL AT A s ], 3
55 7€ M0 B A7 R B 1) B9 Sentinel-1 T & 4 5 A1
ERAS $(4f 47 B5F (] VC L 5 1 F Sentinel- 1 5004 (1)
1% ZE RN 40 m, 1 ERAS B8 1925 [1] 43 HE R
k0. 25°, PRLIMCR T WU A (B 10K ERAS s &
FREAT{H % 40 m, 5 Sentinel-1 3 #1915 2 43 9t
R ARG M PE Sentinel-1 T E AL E,
VA B f5c 3 3 1 RALE gk s b 4T 2 45 B T
B, K12 007 5 1 T T BSCHE Ay v TS 1 S
B, TR B3 BRI 4 o [RIAE  ERAS i 2
P VO BC i3 B2 5 Sentinel- 1 25045 19 B 5 DT 1< #24H
[, EE bR R TR T 2 B 4 . A SCHR
BT 20174F4H2H 4H6HUK4AHSHK R
TR, LA 3 163 796 RFEA KU , FEAS B 4
(RS A WA 4 i . B BF UK E 7
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AR SO 1 A 3 2 R AR R T 42 4 e TR
KR, 0 B AN () 5 B 73 BE DX [8] (4 T ke
T T A S A 0 A ] 3 B X 1) ) 9 K T2 R 3
RHEZL A, M BEYL AR AR . XGBoost K Ui il AL
S TR B AR R B8 DI SRy sl AR R, TR AAZ A [
43 B DX W] B9 KR AR RS B2 22 ] ) 52 2% B, 9%
Je Ry S AR T I B 2 AR R A I R SR ik
AT PRI G, 308 1o 3 B 50 1l > 19 7 B e At
Rz AL fE
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Fig. 4 Actual distribution map of sea ice thickness
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Fig.5 Sea ice thickness distribution plot after
removing outlier data

T o e A oy > BRI DS R R AR
HEZRANIE] 6 s, F= A fh =4k o0 - S — R e
B AL B, B ST SAR R IR AT AL L, 45 B
NG5 1 B 2R SO AEHEIE , X ERAS 5L
P PEAT RO B S AL B, 4R IR AR I RS
AR I 18] A 22 25 B2 5 HLE AR (7 o Bk 5
) HEAT I 25 ETE , DT <7 Bt 4 5 26 — &R o e
T3k FARER S5, X 1 K A AN [ 52 32 43 B IX i)
X 38 SRR I AL AR ) A R AR AT E AR A, O A
3 B X ] P XX 19 24 S RO R AT R kD 1 2
P A T e AR B ) ) S A A
A7 % B2 R E 2 IO A 5, 5 B T DK R JBE e
(T, I 45 A 22 S48 55 > 07 1k BEAT X HE 25
5 =R 3 SR VAL R[] 5 &R %L MSE
RMSE 45 XA KR JE S A5 R A T RG BE VA

1.3.1 B R > g vk R S i A A

Stacking_ ELSITM #5274 Hy 3 4~ 5k 2% 2] g8 20 i
() FEAEHL AN 1A AR A, Bl T Bagging I
Boosting £ il > B9 SEAR Ll o 222 ) R g
FFHR LA ) 18 e S A e S B R 34
] 2 > S8 R 0042 B AN [R] 43 B X[ ) Vg
VKRRIE FIRE JE 22 [] 1) B DG 166, S 30 DK RRAIE 1)
TR B Rl AL 2 2 S DR 35 BN, DT B T K
JEL B S e A AR AR PR RE 2 BRI EE R A 1A
7R, 55— 2 LAREHLAR AR . XGBoost FlAK St Bl AL
A A AR | 5 2 LA VR B AR AR TR A
L — J2 0 3 AR Sy B AR AT S A5 R P,
P2, P3, il 3 A LAY 1 45 SRR SRR IE i A AR
R AT I A B UK S S A5 5 P
1.3.2  SLEAYFNTARL Y

Bl B AR AR FH 22 BRAR X P AR 2R 47 )1 225 1 i
M, — Fh 4 Bk 1Y Bagging 7 . Bl it
Bootstrap 77 ¥4 I ZR4E |, SR 5 XA I 2R 4
T — R PSR, I 38 A B AL A IR AIE ) S A i
PEAT Y 5024, T DAAG S50 B S U v 4 I VKRR
i, I 7853 F FHAR R0 B8k 4 h i L S Rr R AL
A B (| E| WIS e IO R - A i (1] Vi sk o
PG A TR B LRI 2 T g 45
T,,T,,..T\ A NERYE A FO 45 581

1

T:NE(T1+T2+"'+TN) (1)

XGBoost i GBDT (Gradient boosting
decision tree) BUHE T 2K , ‘B4 224> CART #4152 Y
L RTINS A T R 5 )
i o XGBoost i 1o & QI Z5 [ I3 44 #1454k
KA, F T2 4 5 A 5 i KRR B A A2 2% R R o
XGBoost i H br s g an 285X (2) frs , Hofr s —
TR 453 5% R ER, y, S ELSEAR, 5, R TONAA , 5 — 55
Sk IE IR FH A 1k e fU A 20

Obj.= DUy, i)+ 06 ()

e i BEHLAY & i GEURTS 2548 HH Y JEBEAL
AR AR R, B AE R HLRFAE T 45 LA He i m
TG FEAF e 3, G A 700 ok B O A S SRR A, 42
TER ] 22 5 5 ZREE . R AR T BEHLAR AR
(R P 3, T b BH 2 AR 5040, AR AT g P R, 34
SRz ALRE 1Y
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: SARKCH ERASK “KHLERER :
: SAR data ERAS5 data Aircraft walk data .
: B b I :
E Datapreprocessing ﬁﬁﬂ}ﬂﬂﬂd‘iﬂq IEEE ¢
H Data processing and spatio- E
: temporal matching .
4 Remote sensing data set Thermodynamic data set :
f| ETREGEBAHEEE T | | T REGE S B :
E Based-RF remote sensing Based-RF thermodynamic H
. featuresimportance analysis features importance analysis .
Pl BRI I R O Y BEIX [T R :
E Remote sensing of segmented Thermodynamics of segmented :
+| intervalsfeature optimization intervals feature optimization H
: ‘ Y ety :
. BRI DK B DX ] 1 S DA R Other .
E Heterologous feature fusion for sea ice methods .
: KT segmentation .
! Stacking ELSITM 1 . :
TS AL ) 1T DR S JH A8 Blassd | R
. Based on stacked ensemble learning Machine Deep
N sea ice thickness inversion model learning learning
: [ 1 T :
2 22 '}
: s i )9 24 MSE . RMSE MAE A £ 4 :
: WA : :
. Accuracy evaluation Evaluate the results through the regression .
H coefficient, MSE,RMSE and MAE :
Ee6 ETHEXNEHFINEKEERESMFIESR
Fig. 6 Overall framework for sea ice thickness inversion based on stacked ensemble learning
B e & O O O O Oy © @G G EEAAARAASASARSRRARASRaRRRananRes 'I
. HALFFAE FEDLARAR '
f Polarization Random » Pl :
: features forest !
1
1
v SARME ;
' SAR data ST AR A !
1 'Tem‘jre —» Feature |y WsibhEsst | b, | BRERRA .
! combination XGBoost Deep forest 1
: features |
1
1
' | ERASHE :
: ERAS data \ ) ﬁ. ] 3 :
' [z 4 Extra trees | q :
[ features |
1
' |
[ JK ) p Tk 1y UF 2L B SR LS
. SHIREE PEHUE oy BURFIEAI FEREA] FERLALTIN 45 e PRI ES :
1 Heterogeneous E Segmented fea- Base Base model Meta-model
N d xtract features L del dicti I Meta model dicti 1 !
) ata ture optimization mode! prediction results prediction results
|
1
I
1
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Fig.7 Sea ice thickness inversion model based on stacking ensemble model
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Tab.3 Important analysis of remote sensing features in segmented sea ice thickness inversion
1% JEFE Remote sensing features (0,1.5)m 0,2)m (0,3) m (0,4) m (0,5) m
AJH 8 Incidence angle 0.650 0.550 0.484 0.496 0.504
J5 1) B R 4 HH 0.020 0.048 0.050 0.046 0.047
IERECIES e 0.032 0.055 0.064 0.064 0.069
X} EG % Contrast ratio 0.014 0.037 0.044 0.043 0.038
HH5+PE Diversity 0.010 0.023 0.028 0.027 0.027
[] 5T Homogeneity 0.016 0.037 0.046 0.047 0.047
B4 Second moment 0.007 0.015 0.019 0.020 0.020
fittt Energy 0.007 0.015 0.019 0.020 0.020
i KM% Maximum probability 0.012 0.027 0.031 0.030 0.028
#i Entropy 0.013 0.033 0.039 0.037 0.038
YJ{H Mean value 0.054 0.045 0.049 0.050 0.053
J7 %% Variance 0.113 0.062 0.061 0.062 0.062
AHIEPE Correlation 0.045 0.046 0.059 0.052 0.047
x4 ETFISINSRBKEERERE
Tab. 4 Accuracy of segmented sea ice thickness inversion based on F1 features

K& BEVEAT Accuracy assessment (0,1.5)m (0,2) m (0,3) m (0,4) m (0,5) m
fidi A4 4H1E Features used F1 F1 F1 F1 Fl
R? 0.847 0.631 0.572 0.597 0.596
MSE 0.015 0.049 0.136 0.237 0.317
RMSE 0.124 0.222 0.370 0.487 0.563
MAE 0.079 0.152 0.256 0.333 0.373

x5 ETRHINSREBKEERERE
Tab. S Accuracy of segmented sea ice thickness inversion based on F2 features

K EPEAE Accuracy assessment (0,1.5m (0,2) m (0,3) m (0,4) m (0,5) m
{8 FH 1 4FAE Features used F2 F2 F2 F2 F2
R? 0.880 0.750 0.724 0.731 0.735
MSE 0.012 0.033 0.088 0.151 0.207
RMSE 0.110 0.183 0.270 0.389 0.456
MAE 0.073 0.127 0.210 0.273 0.310

INF 4 1 S I 25 BT L - 7R FH 28 ek
FROEA A F1 R A7 vk B2 S i, 76 (0, 1.5) m
WS 5 ) R TEDRG B2, A5 2R 02 BP0 0.847 ,MSE
0.015, RMSE 4 0.124, MAE 5 0.079., K% 5
JE S Bl A G, S RS B AT B 3, 7E(0,2)
m R*40.631 f#{KX T 21.6%, MSE .RMSE il MAE
I3 IR T 3.4%.9.8% 1 7.3%, 76 (0,3)m R> Ny
0.572 F&AK T 27.5%, MSE .RMSE F1 MAE 43 5 %
KT 12.1%.24.6% F117.7%,76(0,4)m F1(0,5)m
0 B A Y e, R 3% A B AR, Ifif MSE
RMSE I MAE & 038K HREAE 52 21 43 B vl
U, A A %) B 2 iV DR B3 0 T U
A T )R 2R R o B A T KRR FE Y fnini B
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RS2 T A S A 70 T KRR T 7 i 2 T R
AIVE B LA BE & 5 B8 3 R 0% 380, 7 0K SR JEE 1)
SRS B SR AR R R, PRI A ST (o) RS 9]
U R BC(HH, HV) B8 A AT — 45 VK R vk i
JELRE 3, % TR 1.5 m R, RS T £
RFHIE o

Tih, N 5 I SERG A5 T LB Y, (38 sk
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A5 JEE B DX ) s O AR A B T, #E (0, 1.5)m X
] R TF T 3.3%, MSE &Ik T 0.3% , RMSE F#AI%
T 1.4%,MAE &% T 0.6%,7£(0,2)m . (0,3)m,
(0,4)m F1(0,5)m X [8] , R/ 42T+ T 11.9% .
15.2% .13.4% 11 13.9% ,RMSE 73 [ 1 3.9% .
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Fig. 8 Importance analysis of the thermodynamic features
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Tab. 6 Results of segmented sea ice thickness inversion based on the fusion of remote sensing features and
thermodynamic features

—_

H5 AL Accuracy assessment 0,1.5)m (0,2) m (0,3) m (0,4) m (0,5) m
{di FIBY 45T Features used F3°" F3o F3° F3o F3o
R 0.923 0.851 0.838 0.860 0.866
MSE 0.008 0.020 0.052 0.079 0.105
RMSE 0.089 0.142 0.228 0.281 0.324
MAE 0.054 0.092 0.149 0.179 0.199

£ [r=0923 14 Ey00[ R=0851 2.00
& 1.4F SEM=0.008 T ¢ SEM=0.020 175
g = S 1754 = :
% | RMSE=0.089 o 3 RMSE=0.142
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& °e 0 2
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B 0.8} 08 B
3 B 1007 1.00
= =
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Fig .9 Scatter plot of sea ice thickness inversion in different segment intervals
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Tab.7 Accuracy of inversion of sea ice thickness for

each model

l\ﬁfﬁlﬁﬁe R’ MSE RMSE MAE
SVR 0.478 0.053 0.230 0.153
GDBT 0.736  0.027 0.164 0.120
LSTM 0.771 0.023 0.153 0.095
GRU 0.751 0.025 0.159 0.102
CNN 0.809  0.019 0.139 0.090
XGBoost 0.879  0.012 0.111 0.076
DF 0.904  0.010 0.099 0.061
RF 0.913 0.009 0.094 0.057
ERT 0917  0.008 0.092 0.055
CNN-LSTM 0.801 0.020 0.142 0.088
CNN-GRU 0.795 0.021 0.144 0.088

Stacking  ELSITM 0.923 0.008 0.089 0.054

T T LUE H L HLas 2 I A rp  SVR AR A
ME LU RO A 5 IR 2 R 0E 5 0K R B 2 R 1) R
FeAR M R AR VKR B RO h R 2, R
1L H0.478, ¥ 5 AR 22 4 0.230; GDBT H F7EAL
P AR 2 P FCHE Ak 00 O T A AL B, A X
SVR H:J WK B A W i #E TH ; XGBoost 454 T
TR 14 58 AU G B ) RIS B 2 T i R A1k
M, BRAFRLUF I SRS 2, R 0.879 , 4 AR R
250 0111 ; DF 3 35 2240 J3 2 1 235 4 4 $12 0 vk 8K
T %) JRy S R0 4 Ry RRAE , B S 4R v T SCTEORG B s RF
A 3 A ol 22 TR SR AR 1 4 SR A T 25 4T TR
RURSE PEIF 0 T b L6, BRAT 55 1Y) S T AR
S ERT B RF AR (A58 23 5 A 2 B | 2
— AR B Oy 2%, BTz A RE T, RV VKR
JE R P R, R M 0917, RMSE Ky
0.092.
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Sea ice thickness inversion method based on segmented filtering feature
fusion of heterologous remote sensing data

JIA Piaopiao', HAN Yanling', HE Haiyang’, WANG Jing', YANG Shuhu', ZHANG Yun', HONG

Zhonghua'
(1. College of Information, Shanghai Ocean University, Shanghai 201306, China; 2. Shanghai SenseTime Intelligent
Technology Co., Ltd.,Shanghai 201306, China)

Abstract: To address the issue that the reliance on a single data source in current sea ice thickness detection
limits the further improvement of sea ice thickness inversion accuracy. This paper proposes a sea ice
thickness inversion method based on segmented feature fusion of heterogeneous data, the experiment uses
Sentinel-1 synthetic aperture radar (SAR) data and ERAS reanalysis data, by dividing sea ice thickness
intervals (e.g., (0, 1.5) m, (0, 2) m, (0, 3) m), optimal feature combinations are selected for sea ice in
different segmented intervals, a sea ice thickness inversion model based on stacked ensemble learning is
constructed, which realizes complementary advantages through the series-parallel cascade of multiple base
models and meta-models, this approach fully explores the hidden correlations between heterogeneous
features and sea ice thickness to achieve accurate inversion of segmented sea ice thickness.The results show
that compared with other traditional machine learning methods, this method achieves better overall
inversion performance across different segmented intervals, notably, the interval of (0, 1.5) m exhibits the
best performance, with a coefficient of determination (R?) reaching 0.923 and a root mean square error
(RMSE) as low as 0.089 m.The study demonstrates that segmented feature optimization and heterogeneous
data fusion can effectively improve the inversion accuracy of sea ice thickness, verifying the advantages of
the proposed stacked ensemble learning model in heterogeneous data fusion. This research provides a new
method for achieving high-precision inversion of sea ice thickness.

Key words: sea ice thickness inversion; heterogeneous data fusion; segmented filtering feature fusion;

stacking ensemble learning; Arctic

http://www.shhydxxb.com





