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Salient Ship Detection Based on Robust Background Estimation

Yao Tingting, Zhang Bo, Li Pengfei, Liu Xiaoming

School of Information Science and Technology, Dalian Maritime University, Dalian, Liaoning 116026, China

Abstract Foreground ships can be quickly and effectively detected from sea background with the help of salient
detection technology. As a result, saliency-analysis-based ship detection algorithms have received extensive research
attention. However, obtaining accurate ship detection results influenced by irregular background noise, such as
waves, clutter, and wakes, on the sea surface is challenging. A robust background-estimation-based salient ship
detection algorithm has been proposed to solve the aforementioned problem. First, the input image is clustered into a
set of superpixels, and the deep feature representation of each superpixel is extracted from a deep convolutional
neural network. Then, a background noise estimation algorithm is proposed to effectively suppress the influence of
background noise on ship detection and it is integrated into the solution framework of hierarchical cellular automata.
Finally, the salient ship detection results can be obtained according to the difference in the feature description of
various pixels in the stereo neighborhood space. Qualitative and quantitative experimental results demonstrate that
the proposed algorithm could effectively enhance the salient ship detection effect under complex backgrounds.
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Fig. 2 Comparison of salient ship detection results on Singapore maritime surveillance dataset
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Fig. 3 Comparison of single ship salient detection results on benchmark dataset
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Fig.4 Comparison of multiple ships salient detection results on benchmark dataset
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Table 1 Quantitative comparison of different algorithms on ECSSD dataset
Algorithm MR DSR™ RBD™ BL™! BSCA™ RC™!
F-measure 0. 689 0. 690 0.677 0. 684 0.705 0.456
MAE 0.189 0.171 0.171 0.216 0.182 0. 300
Algorithm SSD-HS™! MGC™ BIP™ NPM™" BPEFS™ Proposed algorithm
F-measure 0.707 0.658 0.694 0.708 0.793
MAE 0.192 0.235 0.137 0.137 0.166 0.112
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Table 2 Quantitative comparison of different algorithms on PASCAL-S dataset

Algorithm MR DSR™ RBD™' BL™! BSCA™! RC'™!
F-measure 0.586 0.557 0. 600 0.574 0.601 0.404

MAE 0.232 0.215 0.202 0.249 0.223 0.313
Algorithm SSD-HS!™! MGC BIP"* NPM™! BPFS™ Proposed algorithm
F-measure 0.589 0.622 0. 604 0.651 0.701

MAE 0.219 0.179 0. 190 0.182 0. 204 0.148
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Fig. 5 Comparison of saliency detection results of three algorithms

0810008-7



$£59% £ 8H/2022 54 B/HAERETFRHE

N TR T R LR R R R A T
PEF B 2 35 PRI BE , 151 6 2ol 45t T AR gE T
Yo A I LT SRR BRI 0L, B
VEARAT 1 M AR 3 A I 45 2R B 1~247) s Rl
WA T AR v T Rl S b 2 2R 5 T
FEE A — BBEJE R 0 S ARG I 45 R (5 3~447) .

M6 T LUF 78 5 P PR TR B 42 55 1 7T LA 2%
T IR IR TR AR BL T 55 08 A9 A 2 A T )
W], AR A5 45 Ay T ) ARG D0 25 2R 5 (] IRk iy i SRk L T
VA A0 RS A 25 R 4 A 2R 1 S0 — B H A
AN B R R, R WL T BT 4R IR R
ik

Fl6 A2 2R5 5T 0T BOTAR A0 — it B b o 25 1 A 00 45 2R

Fig. 6 Saliency detection results of ships and general objects with complex background interference
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