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Abstract: To measure a variety of objects of an image and to reduce the detection time, an unsuper-
vised object detection model was established to provide location priors. The model was mainly based
on three image cues of a object, and they are saliency detection , color contrast and superpixel stradd-
ling. To determine the likelihood of image object contained in a window, the saliency scores of the
three cues were calculated, and the saliency cues of the three objects were fused in a simple Bayesian
framework by a machine learning center-surrounding proportion parameter. In experiments on the
challenging PASCAL VOC 07 dataset, it shows that the detection rate is 28. 94 % ,the hit rate is
96.99% and the combined measuring result is better than any cue alone. In experiments on MSRC
dataset, it shows that the proposed model is generic and efficient ,the detection rate is 80. 64 %, the
hit rate is 99.10% and the average processing time is 40 % less than that of Bogdan's model. These re-

sults from extensive field tests suggest that proposed model can provide better location priors to the
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object recognition and image segmentation where the location of object is unknown.

Key words: unsupervised detection; saliency detection; color contrast; superpixel straddling; Naive

Bayes fusion
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Fig. 1 Flow of frequency-tuned salient region detection
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Fig. 3 Results of saliency detection
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Fig. 4 Results of color contrast
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Fig. 5 Superpixel straddling detection results
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Tab.1 Detection rates of signal cue (%)
class SD cc SS
Airplane 16.52 17.38 24.90
Bicycle 5.20 11. 99 14. 36
Bird 15.13 13.21 23.08
Boat 14. 46 12. 40 15. 80
Bottle 5.78 3.11 4.3
Bus 9. 89 8.24 21.69
Car 23.83 22. 64 22.62
Cat 7.99 6. 35 21. 46
Chair 11. 34 10. 87 11. 05
Table 12.06 11.6 16. 22
Dog 16. 90 12.10 18. 50
Horse 18. 39 13.96 30. 89
Bike 8.65 8. 20 20.61
Person 10. 30 10. 23 16.19
Sheep 13. 66 13.77 15.18
Sofa 12.70 12. 20 21.23
Train 10. 64 12.10 20.62
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Tab. 2 Detection rates of several cues %)

class SD+CC SD+SS  SD+CC+SS
Airplane 29.10 39.58 41. 83
Bicycle 10. 47 18.17 24. 60
Bird 16.42 18.61 18.76
Boat 16. 10 15. 34 27.97
Bottle 10. 96 11. 00 22.58
Bus 15.42 20. 27 20. 57
Car 31.43 33.45 46.53
Cat 20. 34 20. 00 31.23
Chair 12.01 11. 80 12,11
Table 12. 54 15.43 19. 47
Dog 10. 64 20.00 26.21
Horse 19. 21 29. 34 33.85
Bike 12.35 21.20 23.66
Person 10. 65 15.79 19. 33
Sheep 16. 34 16. 82 21.59
Sofa 13.22 20. 96 23.10
Train 18. 54 22.45 34.92

R R0k 3 frn,.SD+CCH+SS wyif
R E IR 96. 99 %, B i R R AR SO R )
R

&3 SDHCCHSSEKEEREHE

Tab. 3 Hit rate of SD+CC+SS %)
class Hit-rate
Aeroplane 97.97
bicycle 95. 30
bird 97.19
boat 95.79
bottle 96.70
bus 96. 96
Car 95.93
Cat 96. 35
Chair 94. 44
table 95. 28
Dog 96. 71
Horse 96. 88
Motorbike 95.42
Person 95.77
Sheep 97. 87
Sofa 97.51
Train 96. 31
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Fig. 7 Detection results of single object in PASCAL VOC

2007 dataset
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Fig. 8

Detection results of several objects in PASCAL

VOC 2007 dataset
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Tab. 4 Detection rates of MSRC image objects

class &AL 4+ Al R"E AfTE *

& KE M Uil A A i

RATE 0.87 0.87 0. 80 0.67 0.43 0.97

0.90 0.93 0.83 0. 80 0.60 0.53 0.90
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Fig. 9 Detection results of signle object in MSRC datashet
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Fig. 10  Detection results of several objects in MSRC dataset
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