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Abstract

method based on shortwave infrared multispectral remote sensing images is proposed to realize water segmentation

Aiming at the problem of the ship detection with a low accuracy in the offshore and inland river scenes, a

and automatic detection of ship. Based on the low reflectance characteristic of water area in the shortwave infrared
frequency range, the water area is rapidly and accurately extracted from the images by using the threshold
segmentation and morphological processing. Then, the image chips of candidate targets are extracted by using the
visual saliency model for searching the targets in the water areas. As for the possible existence of phony targets, the
gray-scale distribution histogram is proposed to describe the characteristics of gray-scale distribution of the target
chips, which are combined with the gradient direction information to eliminate phony targets by the method of
threshold constraint. The results show that the proposed method can efficiently detect the ship targets with different
sizes in offshore and inland rivers. 279 candidate targets are obtained after the saliency detection and 138 of 142 true
targets are detected after the target discrimination step. The false discovery rate is less than 6% and the recall rate is
higher than 97%.
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Fig. 1 Flow chart of automatic detection method of ships based on SWIR images

[15] 3
1(i=1,2,3) RMSL,
N, AVIRIS s vegetation
(RIS Y (G i
100 ———
) ® o o SWIRL SWIR3
A 80 F i 7| SWIR2
’ ue g ™R
. 5 S, X 1 \
i LY {RSSI}JV:U N E 60 - ¢ : [
LN = i
(LE) 5 ; g . :
N; N; E 40 RS " ;; “\‘4’\'1 ;"
Li'VISI(.Tvy):ZC;;‘L}}ISI(I9y)A;1'/ZC,'jA;I'v P '-" :
=1 ji=1 20 - : =t
( 1 ) 1 " e r""’ 1 | = 1 1 2\‘~—“ /.
X,y s As RIUSI 0400 600 800 1000 1200 1400 1600 1800
! ! Wavelength /nm
’ C,‘,‘
N; 2 (a) 3 (b)
R = Z C,'jRinISI s (2) Fig. 2 (a) Scene image; (b) reflectance curves
i=1 H
. LN of typical features
C, R (RIF}Y, . ;
(D o :
2.2 s
) o , I,
I'(x,y)=1/{1+[m/I(x,y)]"}, (4)
SWIR , m,E .
4 s
m ’
. SWIR (S, SWIR (DN) 0.05,
I, ’
13 , m=0.1,E=10 o
[Cray) =2 278 (xay), (3) Osty 0167 , %

i=1

0528001-3



3 () I;(h) I';(o s (d) i(e)
Fig. 3 (a) Intensity image I; (b) contrast stretched image I"; (¢) land mask;

(d) land mask filled in holes; (e) water mask
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Fig. 4 Saliency detection and target chip extraction. (a) (f) Input SWIR image; (b)(g) visible image of same scene
(targets marked manually); (c) (h) saliency image; (d) (i) mask image of candidate targets;

(e)(j) SWIR image chip of candidate targets
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Fig. 5 Rotation and translation of main axis of ships by Radon transform
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Fig. 6 Gray-scale distribution characteristics of target chips. (a) Schematic of direction and regional segmentation;

(b) image in polar coordinate; (c¢) gray-scale distribution curve; (d) gray-scale distribution histogram
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Fig. 7 S-HOG descriptor. (a) Regional segmentation;
(b) histogram of oriented gradient of region B1 in Fig. 7(a)
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Fig. 8 Geometric characterization of target chips. (a) Prescreened target chips; (b) grayscale distribution curve;
(c) grayscale distribution histogram; (d) gradient oriented histogram
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Fig. 10 Ship detection results in various scenes by proposed method
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