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SAR %4, W T HAT 34> CNN JZ F A 43 2 4
25 I 445 J22 B T DK o3 AR, SICER T 1 A Y R 3 v K
ZRERH.

T UK 8 fh A% G2 5 125 1a) TR 8 2 2] 7 R B8
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GEIE VA 5 SRR AAT L, 20 1 9 v TR B2
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U-Net /& 3T 4F 5 4 19 18 73 517 ¥ o U-Net LA
CNN A FE A 4] B e, 7] DL o 20 f B9 I ke AR 3R
555 e ) PRV 43 HIOKG B2, 7 B2 5 G O 30 O T RS 1
B R, A BF50RF U-Net b 31 1 J& B 1
H 5 2 HI T HUS 1 80 0 43RG R s B, AR S
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et 48 U-Net B8, JE i 1 2 TR G & U-Net 19
VT U KR I R Y 3 5 AR G T e —— Bk R
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Bl < [t #1.3% (Markov Random Field, MRF). 43 7K 14 &
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JIE R S, Bk TASONE A S 2
IR T U A A R IR 5 45 2K BRSNS FEE DACHS: I 280 R
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RRAL BB, 20 3 IR 48 1R SCHR H TR 5
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250 km, #4778 VV HI VH,

B 45, % F SNAP( Sentinel Application Platform,
SNAP) Desktop® X SAR 5 1% B ¥a P17 58 5 15 . %
PERILMIRLIE o SRJ5 , 8 55 5K 52 A58 35 iU 1T K/
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Fig. 1 Geographical location of the study area
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Table 1 Details of SAR images
IEES JRAB ] g G S AR Wededr=X TR

1 201641128 H21:55:43 40.430 2°N, 122.256 0°E VH+VV AR
2 20174F1H9H22:03:22 40.345 5°N, 120.186 9°E VH+VV BA
3 20174F1 421 H22:03:21 40.345 5°N, 120.188 1°E VH+VV BA
4 20174F2H2 H22:03:21 40.345 6°N, 120.188 1°E VH+VV BA
5 20174F2H9H21:55:17 39.780 9°N, 122.078 0°E VH+VV BA
6 20184F1 H 24 H09:49:07 40.718 8°N, 121.724 4°E VH+VV AR
7 20194FE1H 19H09:49:14 40.718 8°N, 121.725 4°E VH+VV AR
8 20204FE1 H2H09:49:21 40.718 7°N, 121.724 5°E VH+VV AR
9 20204F-2 7 H 09:49:20 40.718 5°N, 121.723 3°E VH+VV AR
10 202042 H 19 H09:49:19 40.718 3°N, 121.722 8°E VH+VV AR

LR MR | A F e, I TR A
4% U-Net 73 IR 0B 280 11 25, 03 48 30038 DI 25 6 1)
TR AR U-Net 15 plORS U ASE Y 5 SR F 22 5 4t 6 B %
IR 285 SR R AT B B IE, 3k R 80 14 9 ARG SR
32 ETFRBAMK U-Net B35 k& 48 B 454

U-Net ¥ oK o ] 455 7Y ) JE 7% 21 W 2R T /2 CNN,
CNN H, 4 {if B 2 4 28 o0 i 1 B U 5 1 — B
J2 T 5 A B X L 1 3 3 o0 3R A T R EB I 4, N S
5T JCE HE ST A R R, WAL S TR . CNN 4 i
L BT P AR P v S s AR AR R X3 T

F 5B P AE MBCR FA 8], U-Net 192544 55
U (AR AL, L& 6, BT LA A 45 4 U-Net™,
U-Net Hi % A . G h5 . il i A 0 4 360 4. A
1 SAR ER 1) VV FI VH XU AR5 B4, FE K/
h256x256 15 3% o G T TR B R 8y L 45/
R R EAT WA Y 53288 5 A A 3 7 R0 4 B8 38 4 22 1)
FEAE BB 12, A0 3 40 vl LLRL A £ RO HRRAE IR, X
LR BARSEAT TR E R R R HA. T
TAT A i s A i L i 2 TR A B R B 4 3B
A IR A0 U-Net 65 7KK 0455 80 (14 EL IR 45 44 .
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Fig. 2 Image slices of sea ice in the Bohai Sea
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Fig.3 Labeled slices of sea ice
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Fig. 4 Flow chart of sea ice detection model based on a hybrid loss U-Net model
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S i A% ST BEHUMZR 1Y . 45 /DA RRIE IR, W
i 7% 15 ResNet 18, VGG 16, VGG 19 ZE+, 2 &
B AR TS8R0 I PR I 5 A% B2, FR AT £ ResNet 18
YE R dmAS#% o A 3C U-Net 55 1 4 5 75 B ResNet 18
W17 BB, 15 S D, 5145
PP KR 2 <7 HBRZE . &% | widatas,
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Fig. 5 An example of convolution operation
I AHERE R 5x5, BRUEH 3x3, MIZBRZIH 9S8, 1k 94
SRR B EUZ SE 5, W 0 A R Z 93 5 R

The input matrix is 5x5, the convolutional kernel is 3x3, the convolution-

al layer has 9 parameters, which are shared by the whole hidden layer.

The calculation of Z in the output matrix is shown in Fig.5

S DN ST N A LN ST Ok TN K S
AT R AR 42 RN A 2k A 4ok, o 1 72 46 0 1) v SORRAE o
B PR BB B /N g 3300, 35 U2 WA 1 3 4T
b4, (A5 BT I RRAE 0 R AR . 8005 pRACH
“ReLU”, an 546 A/NTF 0, W4 ok 0, 75 W4 5 4
AMEE o ] “ReLU”E N STE R AL, i AN S BEE
BN OB B TITR = a1 B SR N E R TR [ =
AN RMAL)Z (BRSE LRSS S daf ), Ak )2 % K
ANy 2x2, it LU AR i REAE B R/ INEE Sy
A RRIE R /NI 12,

A XN FOR G i A i B A, Hop MxN
o AR B KN, K R A R B E 5 (R — 2
o i e b (19 245 BB DR g ), i g B B 9 45 B A
Bt ol L, 2 50 A0 B O X TR R A
k1 256x256x2 ) SAR EIR, 4 — k& B 48 5159 )
262x262x2 [ F G, B X720y 55 1 4 5 e 09 g A o
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TEE S, F3Rom gt 8% K H 5 82— 2 0 6 FURAE,
LN B ECE, 570k 64, 64, 128, 256, 512 FlI
1024, W R its B 2] AL EE . g o M H 5 22—
B TRIREIS 2 16x16x1 024 BYEREIE, A K

SR (X322 [ W) | (D

3.2.2 firtdes

AR SC U-Net 528 (1) fp i 25 A0 46 4 i, &
A fif RS R o PR A A BT B R . AN BT 6 TR,
WA RIS BT R HE S — > L REEZ A — A58 2,
ERBEZAE KN R 2x2, Zad — R B RAER,

+ResNet 18 ACE . '
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o | !
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Fig. 6 Network architecture of sea ice detection model based on a hybrid loss U-Net model
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FRAE BT 9 /NS S i AR L 1Y 2 A5 4 2 % 4 1
SR E 2 T 5 AR Y i B v A IO A R AE L, DL G
it e 1 A1 9 )2 {0 A A R A i e 2 BB R 2 1
FRAE o — AR B0 R 20 3 B 1 < B B2 AR 4R
ONE J22 7 AR, R S AT REAE A SR R L AR A
AR S 0 BT A ARAE . BRI BB KN R
3x3, B RS R RHIE BT R4, A3 BT J5 R AiE 5]
B RSEAH TR o 38005 pR K “ReLU”, & YV RIR
i e A, H T MxN R R R B RN,
K A A MG 038 T8 (R — 2 A s e v 1 5 U
B P ), YA R B R RO L, 4 ST
A i 1 Yo G 3R FoRMEERAE | MR 34
B BV A AR LM BOE , LoV B B R, o 5 R
512, 256, 128 Fll 64, W 75 L 2¢ ] AL E . 244 i
(EERIEIER NS TR S PR (11D Sy | 3 X TP
256x256x1 WIRHIEIE Y, AR
yEOset = G (§1911%4 L W) (2>

323 2

AR 3C U-Net #1801 5 11 2 th — > & BUZ Fi— 4>
AR e e W 2 M e R, W AR I Y AR R R E R
R AR R PR, W B M 2 i )2 B B3
JEI BB KN 131, BB 1. B0 R
$ih “Sigmoid”, AT LA A A B 3 (0,1) K], KT
5T 0.5 ki B K, /T 0.5 B T D 5,
N

f)= (3

3.2.4 IRAMHUK AL

4 RER R 22 2GRk i AT B T AR Ak 0 A%
Lo RF— A AFEA, BAY 05 A 5 %R AR FL5E
B 2Z (8] 1Y) 22 S PR 2R o 40 2K oR BRI M 22
B PRAL . KT — AR B 2% 2 B AL, B v i) ot 25 9 2%
AN L 3 ok 400 % i Il A% 7 ok 8 LI R, Rk, 4 2K R
BeE T S BRI 500, B OCH 2,

TE 50 25 0 G 43 1) o) e, 58 SUJ 08 28 o 8K
(Binary Cross Entropy Loss, BCE,..) &1 H& N 1Z 1
Pk Rz —, AN

N N
BCE,,, =—P, » InP,=P,» InP,, (4)
n=1 n=1

I+e

A, P bn 2 PR T 18 3R RN W DK A HE 5 PO AR
SR T RR KON R BMER; PO R B AN
MUK AL PO B R R R RO T RS N o
BREE

AT AR REA B E N {0, 1}, 735K R 1T AN

Moke AR (4, PRIRIRZ B TR R WK
MR AN 1 PRSI B KR TR R N T SR,
{60 00 BEAYTE i I 285 Sigmoid” p& K HH — 1
HERAH, 24 x=0 B, fx)=0.5; 24 x>0 B, fix)=1; 2 x<0
I, fooy=0. U f HH (R 5 31 (0,1) 22 [ ) £ {E 1 %<
o TN Fhy S w2 Sigmoid” PRBCAY B, FRAE T R
R AV RS AR BER, BIP AP, R
YR N Py + P = 1FIPo+ Py = 1,

% H BCE, T4k U-Net #5728 £ & Hb [7] f£ A
() 2H 3] JT e 7 ) A B, A 2050 b i RS R A 2 1) A5 4 v
FREETH R B[R 8, {H 1 F BCE,, £ LA BE I, XA
1 T AREAS SN IR AT Hu Ak 1, B DA S 2k
AN 1 RD R, i L P 28 1) B 5 By U A AR T )
A5, 3T R M B 2 1 A R

WA, Ty — Tl T AR G5 %0 ) 30 A 460 2% oR 250
Dice 51 2% PR %X (Dice Loss, Dice,,,), 0N

21AN B
1CE = N
|Al+B]|

Dice,,, = 1 — Dice, (6)

Kop, A S EAEEUR; B N BN EME; IANBEAFI B 2Z ]
LR JCE 5 1AL 4 H Ry T RAELG BN B R IL R
M

Dice,, i Dice R £ & JEIMAK . W= (5) fror,
Dice 7 B &t W A4~ 48 & 19 A LR B2, JBCME S 161 R
0~1. 4 Dice RN 1 B, RN ESGZLEER,
Oy HROR B b5 Y Dice My 0 I, FR AN EA NIEAE
FA, BIA E6 245 55 . Ik, Dice,,, AEfS 5]
SRR SEE 5] B KAk Dice Z 8, (i T 45 5% i
T EL A, A S EIN A R S S R e E
SE SR N (SR B I S e s 18 e VI KR P
2 BN B AR R AR Z0 AR 1k, DT R A AL
SR MERE

N & 5 BCE,, Hl Dice, 5 A BI ML L, A SCBETT
T BCE,,, il Dice,, £ G425 s BCED,, % BCED,
FHF U-Net KRR A1 25 . BCED,,, AR LUTT:

BCED,,,, = wBCE,,, + (1 — w) Dice,q,, 7

o, w o BCE RF, OBeT RS 4 % oR B
W, — BT, w i HUE R T 0.5, BAKAYIUE 25
R 4475,

4 FIREGIES Y

41 XWIEE
SR SAR RIZ Y] F ANt N i bR 25 B HE R 4y N
YR BEE MR, & 69 A B 400 h
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1829, 323 f1 479, BRI ZR7E Linux #4/E KRG T %
%, 1P 45 Fd B4 14~ NVIDIA TESLA V100 32 GB
GPU ., A X # A E T TensorFlow-Keras HE 42 44 @, /¢
5>k H Python 3.6 4’5 . A SCIR A 1 2% U-Net 71 R
JHIE 7 AL 114 Adaptive Moment Estimation, Adam)
PEACTE PR XA th i S8 T 0k . Adam 3 3t
AR BE ) — B AR A T A B A T R R S 5
gL VAN NS RTIVA s T W 4 AV ST U e R R ]
2
42 FEMIERR

T PRI 9 3 B v, FRATT R BEXE U-Net 9 45 i3
AT UNgRAIt, Bk, AT DT LI A R PE-
H5E Y g Y1 25 Rk 45

& ¥ (Intersection over Union, IoU) F F 115 &
TR0 A T K X B S pK X Y E A L
ToU fR A, Pt 25 3 iy, FLAAH

PNG

IoU=-—~,
Y= PucG

S, P oy BRI B4V VK X 85 G oM LS R I K X
B PNGN PRI G EEWIFIKIRE; PUGH P I G I
EIRIKIRE .

K B (Precision) & 19 /2 1F s 900 (14 IEFEAER
T AT TR by 1E R AR B B AR, -t st 2 T AT T Sk 1
BEAR ) B AR v B IE A IE RE AR, 2 I A I RE AR
s 4y, AN

Precision =

€))

tl’
P D)

3, 1, TE A I A4 T DB 3R 5 O A T 1 T K
B=.

7] 4 (Recall) 5 4 /2 1E A 500 19 TEAF AR B
SEIEREAR SR LE AR, -t st I U RE A rh BE A S A
I B IEREAS R, HA 0

Recall =

tP
e (10

K, £ AR T SR R .
F1 43 %0 (F1_Score) J& A% #f J& A1 A [\ K i) — Fp i
FFy 58 5 A R A = o SRR B Y — R 8 AR

F1 Score =

2 X Precision X Recall

Q)

Precision + Recall
43 XfLESEIE

B EAR SR T A M, AR SCHEAT T 3 X L
S SRR AR SCIR A R U-Net #2885 £ A7 1 4%
G077 2 Ik AT R LG, W3 20 R80Tk
£ 45 43 7K 08 3% . MRF'™ HI PCNN3 fift 28 #1712
R 2% ) 7 i i 3+ CNN B IR oK U A AU e, R 5

B X AR SC U-Net #5278 (451 26 pREL, #0471 TR & B 2K bR
SRR A B R R X SRS, W3R 3. IRA K
bR B J& BCE,,, il Dice,,,, £ H Z 1 . BCED,,, i A H
wE R 0.7, w B HUE B SEI AR, W 4475, R
£ 400K oA B AL 43 5 L BCE,,, Ml Dice,,, 4 451 2% bR
. W HRIE VH, VV. VV+VH KR AR 5 800
A GFEAT RSB T 25 S A XF e SR8, WL R 4. SERAS R
B BF 78 #5 & F1_Score., Precision, Recall #1 IoU,
A I AR A Y R R R 4 A — 3. AU U-Net
BRI (w=0.7) Fil CNN B HEAT T 8 S 800 T, L
S LA I A8 R B A A R
4.3.1 AN [F) R AG I 45 SR % [

3% 2 AT, 5505 40 00 RGO D 7 3 FER B2 2 )
J5 A L, AR SCHE TR A 2R U-Net 9 T oo 1 45 74
TE F1_Score, Precision, Recall Fl IoU 4 Hi g ¥x -394

F*2 TEFEBENEEER
Table 2 Measurement results of different models
BE AR
Jrid
FIOEU%  KEIE%  ARR%  E&5E%
PCNN 89.077 86.189 92.332 81.929
MRF 89.455 86.754 93.405 84.034
Gy IR T 88.977 85.733 92.476 80.142
CNN 91.333 89.060 93.726 84.049
A 3CU-Net 98.769 98.767 98.771 97.567
#z3 TEMEIRBNESLER
Table 3 Measurement results of different loss functions
Bl
(e
FI58EU%  KEHE% BR%E% EEE%
U-Netgcg 97.666 98.310 97.030 95.438
U-Netp;c. 97.875 97.840 97.910 95.839
U-Netgcep 98.769 98.767 98.771 97.567
#z4 TEBECARANEELER
Table 4 Measurement results of different polarization
information
BERERE
HATE A
FISMEU% /% BRERY% EEE%
VH 93.240 93.240 96.061 89.806
%% 98.400 98.657 98.144 96.850
VV+VH 98.769 98.767 98.771 97.567
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Fig. 7 Prediction results of different models for sea ice test sets
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In 1-5, each row represents a testing sample, a-g of each row are the original SAR image slice, the label data, prediction result of U-Net, prediction result of

MREF, prediction result of PCNN, prediction result of WA, and prediction result of deep learning method based on CNN; white pixels are sea ice and black

pixels are water
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Fig. 8 Comparisons of sea ice detection results with different loss functions
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The imaging date is February 19, 2020; the coordinates of the central point are 40.718 3°N, 121.722 8°E; the error area 3 in d can be correctly detected in e, and

finally correctly detected in c, so are the error area 1 and 2
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Fig. 9 Comparisons of sea ice detection results with different polarization information
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The imaging date is February 19, 2020; the coordinates of the central point are 40.718 3°N, 121.722 8°E; the error area 1 in e can be correctly detected in d,

finally correctly detected in ¢
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Fig. 10 Experimental results of hybrid loss functions with dif-

ferent weight ratios
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Fig. 11 The sea ice detection results of the whole SAR image
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Detecting sea ice of Bohai Sea using SAR images based on
a hybrid loss U-Net model

Xu Huan', Ren Yibin?*?

(1. School of Marine Technology and Geomatics, Jiangsu Ocean University, Lianyungang 222005, China; 2. Key Laboratory of Ocean Cir-
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Chinese Academy of Sciences, Qingdao 266071, China)

Abstract: The Bohai Sea is an important economic zone of China. Sea ice has been a significant threat to the hu-
man activities around the Bohai Sea. As the imaging capability of synthetic aperture radar (SAR) is independent of
sun illumination and cloud condition, it is of great significance to detect the sea ice of the Bohai Sea from SAR im-
ages. Due to the limitation of the feature extraction mechanism, the accuracies of traditional sea ice detection meth-
ods need to be improved. Deep learning has a strong self-learning ability and is suitable for image detection. Here,
we employ the well-known deep learning framework, U-Net, as the basic structure, and design a hybrid loss func-
tion to optimize the U-Net model, forming a hybrid loss U-Net model for sea ice detection in the Bohai Sea. The
Sentinel-1 dual-polarization (VV and VH) SAR images are the inputs of the model. We compare the hybrid loss U-
Net model with several traditional methods (Pulse Coupled Neural Network, Markov Random Field and Watershed
Algorithm) and deep learning method based on CNN. Experiments show that the hybrid loss U-Net-based model
achieves 97.567%, 98.769%, 98.767% and 98.771% in IoU, F1_Score, Precision and Recall respectively, outper-
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forming the other methods. Compared with VV single-polarized input, the detection results of dual-polarized in-
formation input are 0.375%, 0.111%, 0.639% and 0.740% higher in F1_Score, Precision, Recall and IoU respect-
ively. The detection results of the hybrid loss model are 1.129%, 0.947%, 1.794% and 2.231% higher than those of
the non-hybrid loss function in F1_Score, Precision, Recall and IoU respectively. The model could effectively de-
tect details such as ice water line, inter-ice water and ice gap. Our model is applied to detect the sea ice of a whole
SAR image in the Bohai Sea, which can provide technical supports for sea ice monitoring, sea ice change analysis

and sea ice prediction.

Key words: synthetic aperture radar images; sea ice detection; deep learning; U-Net; a hybrid loss function
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