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Abstract: Sea—land segmentation is a basic step in coastline extraction and nearshore target detection. Because
of poor segmentation accuracy and complicated parameter adjustment, the traditional sea—land segmentation
algorithm is difficult to adapt in practical applications. Convolutional neural networks, which can extract
multiple hierarchical features of images, can be used as an alternative technical approach for sea—land
segmentation tasks. Among them, BiSeNet exhibits good performance in the semantic segmentation of natural
scene images and effectively balances segmentation accuracy and speed. However, for the sea—land segmentation
of SAR images, BiSeNet cannot extract the contextual semantic and spatial information of SAR images; thus,
the segmentation effect is poor. To address the aforementioned problem, this study reduced the number of

convolution layers in the spatial path to reduce the loss of spatial information and selected the ResNet18
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lightweight model as the backbone network for the context path to reduce the overfitting phenomenon and

provide a broad receptive field. At the same time, strategies for edge enhancement and loss function are

proposed to improve the segmentation performance of the network in the land and sea boundary region.

Experimental results based on GF3 data showed that the proposed method effectively improves the prediction

accuracy and segmentation rate of the network. The segmentation accuracy and F) score of the proposed

method are 0.9889 and 0.9915, respectively, and the processing rate of SAR image slices with the resolution of
1024 x 1024 is 12.7 frames/s, which are better than those of other state-of-the-art approaches. Moreover, the
size of the network is more than half of that of BiSeNet and smaller than that of U-Net. Thus, the network

exhibits strong generalization performance.

Key words: Synthetic Aperture Radar (SAR); Sea-land segmentation; Deep learning; Bilateral Segmentation

Network (BiSeNet); Loss function
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Fig. 1 The structure of network based on improved BiSeNet for sea-land segmentation
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Fig. 2 Comparison of segmentation results of two methods
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Tab. 2 Comparison of segmentation results of two methods on the test dataset

Tk LP(%) LR(%) SP(%) SR(%) EP(%) OP(%) Fi(%) Sy E A (s)
BiSeNet /5% 98.27 99.10 98.27 96.68 66.12 98.27 98.68 54.32
KT 99.33 98.89 97.91 98.74 75.31 98.83 99.11 26.73
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Fig. 3 Comparison of segmentation results of two methods using different loss function
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Fig. 4 The detailed view of the segmentation results of test 4.4.2
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Tab. 3 Comparison of segmentation results of two methods using different loss function on the test dataset

Tiik LP(%) LR(%) SP(%) SR(%) EP%) OP%) Fi(%) B4y R (s)
BiSeNet (3 X ) 98.27 99.10 98.27 96.68 66.12 98.27 98.68 54.32
BiSeNet 75 1% (11 £ ) 98.62 98.78 97.67 97.37 70.75 98.31 98.70 55.02
ARSI E (BN 99.33 98.89 97.91 98.74 75.31 98.83 99.11 26.73
ALTTIE (NI R) 99.11 99.20 98.48 98.30 76.57 98.89 99.15 26.38
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RAFERRARZE, T U-Net 5 1 1945 #1145 53 1% TCW R AL, R R BRI A, B R
GRS, R X g Bt il 5 10 20 B R e A Moy EIERE . RAG U T A — LGS N AFE 7k
52 M, Frig kit ik s Ae s ml R BS AR K TE MR 4 5 b1 o B 45 B0 & TP fe b i
G2 AR A B R SCRAIE, W48 3% 3 & 25 [RIRFIE FanT WL, FTIRTEM &R TUNHEREE . BBy



WA A BT ok XA N 2% (S AR B it 231 07 1% 893

(b) U-Net )5 ik
(b) U-Net method

(a) FINEIZ

(a) Input image

(c) DeepLabv3-+777%
(c) DeepLabv3+ method

(d) BiSeNet /5%
(d) BiSeNet method

(e) DFANet 5%
(e) DFANet method

() A STk
(f) Proposed method

(&) %
(g) Ground truth

(h) AR
(h) Edge area

B 5 AR Tk 145 Rox L

Fig. 5 Comparison of segmentation results of different methods
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Fig. 6 The detailed view of the segmentation results of test 4.4.3
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Tab. 4 Comparison of segmentation results of different methods
Ji LP(%) LR(%) SP(%) SR(%) EP(%) OP%) Fi(%) IR (s) SR EI T (s)
U-Net Jj2 99.45 98.28 96.82 98.96 77.45 98.52 98.86 0.240 80.25
DeepLabv3+ 75 1% 98.97 98.13 96.51 98.06 71.83 98.11 98.55 0.279 93.14
BiSeNet 772 98.62 98.78 97.67 97.37 70.75 98.31 98.70 0.165 55.02
DFANet /7% 98.97 81.18 73.38 98.39 68.82 87.12 89.20 0.212 70.81
A5 99.11 9920 9848  98.30  76.57 98.89  99.15 0.079 26.38
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%, WFHEAEN0.079 s, BI12.7 frames/s, 7EH
4515 R KN 88000 x 6000 1 I3 K s 4 1

Ay EITE B ] 926,38 s, BIHE TEA BEN
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(2) WIZEBLRL R NN L3 AT BEITRE IR T AN
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Fig. 7 Comparison of the size of different models

(a) WA

(a) Input image

(b) F3%&
(b) Ground truth

RANTE, PRt 25 A X G B 4 A B () b 2R AT
FhFERFE AR TR . SIS AR 517 =5 RS 4 2% iy 5
B AT UG P 25 B X iR A A A
BT, sEIRss RuES—E 1R

H A #EIG BT 0L, B 5 iE e m =5 AN
TAEBGT, WS TR EISR. RogiiT T
AN VAR A 70 B 45 R 1 % BN FE bR, RS T]
WL, BT 7 v x5 85 X RS B H 1) RS P 3 7
0.9939LA b, FEVERMIAZ, SLIPTIESIES =
AEONTE R, A K E T A K B, EIR
P et 0 S X B A U SR R S A2 5 D
T BT 7 700 - S i I N o 1 X 85k 1 2 B M e AR
E il B X 35k FLAR X S8 2D Ot b AR Y ), [
10 AT R BIUAE — e R X (A0S, SS) B 43 E1) 45 5 1) 1
SV PR bR L UFSEL AR B ds B RBIE L. &
A S 56 4 B 78 i BH BT I 45 B AR R 6% 2 o) B
SAR EIMG g7 5 04 m RRE, BAA Rz ik
o Ak, BRSLIGET g = T EHEITRE,
Ja STk — D A T SR AR X I F2 145 (Sentinel-1),
TerraSAR-X % HASAR 2 B Bl i ik 43 20 1
ZAHERE .

(c) AT
(¢) Proposed method

B 8 JEAAB A (SL) AR AR X 40 1 45

Fig. 8 Segmentation result of SL mode
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Fig. 10 Segmentation result of FSII mode
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Fig. 11 Segmentation result of SS mode
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Tab. 5 Segmentation result under multi-mode by the proposed method (%)

TAERER 53 HE% (m) LP LR Sp SR OP F
SL 1 99.56 99.28 99.20 99.51 99.39 99.42
FSI 5 98.49 99.06 99.71 99.53 99.42 98.78
FSII 10 97.88 97.97 99.86 99.85 99.72 97.93
SS 25 98.59 99.24 99.85 99.73 99.65 98.91
5 LERIB K F] T 0.9889H10.9915, R~ AN 10241024

AR — T ML S AR gy (ISAREIRUITIARE 2.7 frames/ B [T
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s[RI A 320 5084 457 % bR BSOS B i D 2 ) T 2 £ M

DI IR, SRTHERIEIRE e BT () jmgr dhRn, HERIS, A5 HRWS SARPE (RALH H bR L
> =5 DR ERGHEREAT R, 55 RN HORBIILEA ). Tk 4R, 2015, 4(1): 107-121. doi: 10.12000/
B 25 HE S PE REREAT T LG, BOIE 27 1 O kot JR14144.
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