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Region proposals algorithm based on color distance and Edge Boxes
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Abstract: For the low recall rate of Edge Boxes algorithm, a region proposals algorithm based on color
distance and Edge Boxes is proposed in this paper, combining with the object saliency detection. First-
ly, the edge features are computed using Structured Edge detector, and the weight values of every
edge group are obtained through edge point aggregation and edge groups affinities. Secondly, several

image patches are sampled randomly in the image, which is to be detected, this image patches are de-
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noted C image patches and the S image patches are obtained through expanding the pixels of C image
patches. The Chi-square distance of this two image patches are computed according to the histogram of
each channel of C and S image patches, the salient scores of this image patch are obtained with putting
appropriate weight value on chi-square distance of three channels. Finally, the region proposals are de-
termined with the number of edge groups and C patches in sliding windows. The experimental results
in PASCAL VOC 2007 validation set show that the object recall of the proposed algorithm increases
0.46% ., 0.35%, 0.57% than Edge Boxes at intersection over union threshold of 0.5, 0.6, 0.7 in 2 000
region proposals, respectively. Our approach runs about 0.43 s in an image, this demonstrates that the

proposed algorithm can effectively improve the quality of region proposals with only minor loss in

computation resources.
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Tab.4 Recall rate of 10 algorithms in 2 000 region proposals

10U BING Objectness CPMC S Rantalankila MCG 0% Rand o ige Boxes A CE
Prim’s Prim’s-MTSE

0.5 94.10% 89.09% 83.57% 93.02% 80.70%  95.14% 89.64% 92.79 % 95.32% 95.78%

0.6 63.53% 75.70% 74.28% 86.30%  72.07%  89.13% 80.79% 84.21% 91.86% 92.21%

0.7 27.39% 37.89% 62.59% 76.13% 61.21%  79.57% 68.52% 71.84 % 83.25% 83.82%

S 61.67%  67.56%  73.48% 85.15%  71.32%  87.94% 79.65% 82.95% 90.14% 90.60%
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Tab.5 Comparison of computation time of 10 algorithms s/image
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Fig.11  Object detection results of proposed algorithm
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