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Abstract: Aiming at the problems of insufficient data baseline and poor decoding accuracy in the pixel-lev-
el ship-extraction task of remote-sensing images, this paper conducted research from the two levels of data-
set and network structure, constructed a Ship Semantic Segmentation Dataset (SSSD) that was sufficient
in quantity, rich in type, and wide in distribution, and proposed a ship-extraction method with joint dual-
task and dual-attention mechanisms. At the dataset level, port areas worldwide were reasonably selected,
the construction of SSSD was completed on the basis of the HRSC2016 dataset, and the final dataset con-
tained 3 760 training images and 923 test images. At the network-structure level, segmentation accuracy

was effectively improved by fusing multi-head self-attention and channel attention and by designing the du-
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al-attention mechanism. In addition, contour-supervised branching was introduced as a secondary task,
and the dual-task network framework was formed by jointly performing semantic segmentation, which en-
hanced the separation between the ship and the background. The experimental results show that this pa-
per's method improves 11.44%, 17.84%, 12.25%, and 1.64% over U-Net, ASPPUNet, Deep-
LabV3+, and MANet, respectively, on IoU; the design of dual-attention and auxiliary tasks improves
2.02% and 1. 36 %, respectively, on IoU; meanwhile, this paper's method exhibits, in generalization exper-
iments, a stronger adaptability and robustness. The SSSD constructed in this paper can provide a reliable da-
ta benchmark for ship pixel-level decoding, and the ship extraction method proposed in this paper has better

performance as well as stronger stability and generalization capability compared with mainstream methods.
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Fig.1 Sample dataset image
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Tab.1 Ship distribution types and numbers

Ship type Offshore  Docked  ILand-based

Number of ships 67 1734 27
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Fig.2 Sample images of different ship backgrounds

(b) Pull in to shore
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Fig. 3 Sample images of ships with different aspect ratios
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Fig.4 Model frame flow chart

JIASE P RE I A7 Ak 3R IR AR AL AR ok 1 o ) 2%
B AL A H AR BRI BE T o T A A R T
PITE & R 3 50 F WA A0 SR BOW AL B bR . WUE
W A 22 3k B R ) ML R
JILE AT AR 5550 3
3.2 WEFZMEER

XUAT: 55 I 26 B B 1 4 424 Gn 181 5 B o, F 4T
55 J2 U F 4 BB, LR BT el g A R 2 AR B LR
T T 7 R i % A5 BB HOR 8, i AR 2 i IR
8, i 0 BRCHE 2 A B 5 5 AT 55 2 R SRR T
ANBUHE Sk B AT 55 )2 ol B 2 R
PRA

BRI 5, FAE 55 0y g B )23 R FH 5 U1 2k
) ResNet34 ™ fE N =+ M 4 , L & 54T K
= =

SRUN ep X /X (I LYY RS A L E R TR R
M3HEFEF 512, RST 4/ & 8 pixels X 8 pixels, )
1M1 78 53 32 WO AR W18 SC(E B o i 6% 2 38 43 1 1
Bk B AH A X S Bk g A 2 (OB T A O b B
JE )RR R R B 2 R R, B BB
2 B SR AR B BURT Sigmoid 38006 45 37 3k
155 IR S AR R — B A $2 el 1 .

Shy B TR A3 0 25 S ORS A0 Ak R B L AE AT
55 W 2% 1) LAl 15 AR R W Ay S (R AR 55 ) S
W55 FAT S L E 402 1 00 235 0 b 47
BRI 42 A B A R AR L i o G R A A B

43 320 R TR TR R (300 % 55 4 Bl
5 LU A 5 S X R . HLRZE A
WES FT7R R s Ak T 247 55 W 4 1 W fE
LG = S A e S ol L P R R 9
TR EB 4y, LAt & T oRFEJZ (56 2,3, 41 N R AE
JZ) i B R R B B AT £ 2 Y Bk R
4 5 AR A R ST R 64 <64 < 64 1Y i
FRAE P o A5 0000 43, 30 o e 1 RO R AR I



2308 err K TR

33 %

Aux \ \ | Input | Main
\ | . | A
t | ; Convl+Max-Pooling |

128x128x64 | 128x128%64 I 128x128x64
i Max-Pooling+3*Res | /A\
: ! | DA )
. . \\-//

646464 —_— 6464564 —_—l 646464
| . | P>
: * Max-Pooling+4*Res - ‘ DA |

32x32x128 € T 32x32x128 T 5 32x32x128
| Max-Pooling+6*Res | AN
: d ( DA )
| | \][/

16x16x256 € T 16x16x256 I 16x16x256

g Max-Pooling+3*Res - [‘ DA )

8x8x512

| -

1x1 convolution(m,m/4) —

convolution(m/4,m/4, 9| 1x1 convolution(m/4,n)—»

3x3 transposed

steps=2)

5 R RIHE L0 Al i 72 14
Fig.5 Model framework detailed flow chart
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Fig. 6 Structure of the dual attention mechanism
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0.5 90.53 85.11 87.74 97.26 78.15
0.8 92.63 82.07 87.03 97.18 77.04
1.0 91.10 87.55 89.29 97.58 80. 66
1.5 90. 35 87. 34 88. 82 97.47 79.89
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Tab.4 Comparison of ship accuracy extracted by different network models

Modle P/% R/ % F1/% OA/% IoU/% Mean times/s
U-Net 80. 00 83.72 81.81 95.71 69.22 65.97
ASPP 79. 32 75.12 77.16 94. 88 62. 82 145. 69
DeeplabV3+ 84.45 78.26 81.24 95. 84 68.41 269. 68
MANet 89.53 87.06 88. 28 97. 34 79.02 248. 64
Ours 91.10 87.55 89. 29 97.58 80. 66 202.46
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Fig. 7 Examples of ship segmentation results of different models
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Tab.5 Statistical Tab. of ablation experiment accuracy
Case Casel Case2 Case3 Cased
Double attention N N
Contour branching NG N
P/% 90. 32 90. 16 92.03 91.10
R/ % 85.23 87. 80 85.33 87.55
F1/% 87.71 88.96 88.56 89. 29
OA/% 97.25 97.49 97.46 97.58
ToU/ % 78.10 80.12 79.46 80. 66
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Tab.6 Comparison of extraction accuracy of cloud conditions in different network model test sets

Modles P/% R/% F1/% OA/% ToU/ %
DeepLabV3+ 83.06 82. 00 82. 23 96. 00 70. 25
MANet 89.91 87.77 88. 82 97. 46 79. 89
Ours 90. 67 87.21 88.91 97.49 80.03
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Fig. 8 Experimental effect diagram of cloudy conditions
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Fig. 9 Statistical chart of small-sample experimental results
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