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Abstract: A detection algorithm for optical remote sensing targets was proposed based on the fused
features contrast of subwindows. Firstly, a large number of varisized sliding windows were generated

in a training image, and four types of scores related to multi-scale saliency, affine invariant region
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contrast, edge density and superpixel straddling were computed within each window. The feature pa-
rameters were learned on validation sets by maximizing localization accuracy and posterior probability.
Then, all the features were combined in a Naive Bayesian framework and a classifier was trained. In
the target detection step, the multi-scale saliency score was firstly computed within all the windows of
test images, and partial windows with higher saliency and proper sizes matching to the objects to be
detected were selected preliminarily. Furthermore, other scores were computed within the selected
windows, and the posterior probability of each window was computed by using the trained classifier.
Finally, windows with high local scores were selected and merged and the final detection results were
obtained. The detection experiments were performed on three types of remote targets including
planes, oilcans and ships, and the results show that each type of feature appears different properties
for targets described, the highest accuracy is 74. 21 % to 80.32%. The proposed method outperforms
all the single feature methods and the accuracy is improved to 80. 87 % to 87.30%. By compared with
the fixed number sliding window algorithm, the accuracy rate is improved from about 80% to 85%
and the false alarm rate is reduced from about 20% to 3%. Furthermore, the proposed method shows
a 90% reduction in the number of windows and 25% reduction in the detection time due to the selec-
tion in the intermediary stage. It concludes that the method improves detection accuracy and algorithm
efficiency greatly.
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— IR 2K P A 0 S R A ) 23 A )
I, s i Rl L 23 98 /b 7R A& Rl BROMURAAE OS2
AC ¥R I 75 0 B 8] B 4 L X 2 K 24 Hessian-Af-
fine & % LA ol S 30400 b A I L B 36 R
JE R RERE AR W kA, TERAAEREG O R,
TA S e R WU R AR 26 ) B 2, TR AR IS
K,

R 2 FREFFAEMIRTT 40T Bt 8 b B

Tab. 2 Comparison of detection times in different feature descriptions (s)

R R
8% MS MOE-ED AC SS MS+MOE-ED MS+MOE-ED+AC MS+ MOE-ED+ AC+SS
500500 1.1801 0.901 1 4.5367 0.5659 1.879 9 5.216 6 5.977 8
1024X692 1.4725 1.6919 5.314 1.6349 3.017 7 6.783 6 8.254 6
1 000X1 000 0.947 6 2.144 9 8.5383 1.8687 3.026 6 9.6759 11.479 9

N T HE— DI R W 2R G PERE L R B E
110 1Y £ G0 B B 0 kT RIAS ST iR R AT
P Ol TR LU, B 11 20 fE R A [R) 7 Xt A7
TR IR KA AT B A I o [ E A

261 5 R FIAE R B AR R 100 000 A4 5) 73 A
(RN R B8 7 7 T AT AR . 3 28 H A A9 G
HER RN B RN 3 PR . AR SOk TER
00 v ] B M) PR S 3 R R B I 3 X O L %
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R 7 6 1 45 A B AR AR PR A M e T 01, AR 4L
ST HERR 32 80 Vo $ i B 2y 85 V0 . T B i R
Z) 20 VAR N LY 3% . Ry Pk F BAT L
T (D HOR H AR 5 L AR X255 Bk
KA B 5 (2) 2% R0 Sk 55 M ) 25 5 ol iR 4G Ry AR
fify s (3O ML 15 5 B s 2 5 Z2 b mT B AG U Ry K
Bl HE AR, Ve T AR A B I A1, 3 2 106 T
TR AR E R o AR SRR 3 3%
F A 09 1 289 4 356 DX IUE0ORTF 24460 0 B [RD 64T T 46
L AR 4 FroR . AT WA SO vk - 4 4 ik X
L > 2590 %0 LA b P 2300 5K s ] R AR K 24
250 A

R3 EMESEERREEK

Tab. 3 Comparison of accuracy and false alarm rate (%)
1 e i 3h B AR SCT ¥
ENEN A E R S
KL 80. 15 25.78 83. 84 2.78
ik 80. 32 20. 69 84. 04 5. 66
FL A 82.33 20.08 87. 30 2. 46

®4 REBSENEELESR

Tab. 4 Comparison of region number and detection time (s)

E5 M sh i AT
i XS R RIS R ek XA IR (]
KHL 100 000 23. 60 5 448 19. 65
T 100 000 8.18 2 836 5.55
JIR 100 000 8. 86 1 287 6.39
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