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Rapid ship detection in remote sensing images based on visual saliency model
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Abstract: In order to reduce the computational complexity of ship target detection methods for sea surface remote sensing
images of traditional high resolution and improve the speed of detection, combined with visual salience algorithm based on
histogram contrast and spatial dimension reduction algorithm, a new ship target fast detection algorithm for sea surface remote
sensing images of high resolution was proposed. Firstly, spatial dimension reduction of high resolution remote sensing images was
carried out. The saliency map was calculated and the interest area of the target area was highlighted. At last, the visual salient
image was segmented by the method of maximum inter class variance to obtain the candidate region of the ship target. The results
show that the time consumed by the target detection is reduced to 10% ~ 12% of the original. The influence of complex sea
surface texture background on target detection is weakened. The research improves ship target detection efficiency for high
resolution remote sensing images.
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Fig. 1 Image of pyramid decomposition
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Fig.3 Flow chart of rapid ship target detection
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Fig.4 Different saliency map

a ~ c—original image d ~ f—Iiti saliency map g ~i—SR saliency map

j ~1—FT saliency map m ~o—HC saliency map
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Table I  The processing time of different algorithms

the processing time/ms

Itti SR FT H
the first image
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Fig.5 Comparison of ship detection results before and after dimension re-

duction of Fig.4a

a—original image b—HC saliency map c—the result of segmen-
tation d—the reduced dimension image e—HC saliency map af-
ter dimension reduction f—the result of segmentation after dimen-

sion reduction
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Fig. 6 Comparison of ship detection results before and after dimension re-
duction Fig.4b
a—original image b—HC saliency map c—the result of segmen-
tation d—the reduced dimension image e—HC saliency map af-
ter dimension reduction f—the result of segmentation after dimen-

sion reduction

Fig.7 Comparison of ship detection results before and after dimension re-
duction of Fig. 4¢
a—original image b—HC saliency map c—the result of segmen-
tation d—the reduced dimension image e—HC saliency map af-
ter dimension reduction f—the result of segmentation after dimen-

sion reduction
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Table 2 Comparison of target detection time

. . Gaussian dimension
original image/ms

reductionimage/ ms
the first image 73.4 8.9
the second image 78.4 9.1
the third image 121.9 12.6
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