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Salient Detection Based on All Convolutional Feature Combination

Zhang Songlong, Xie Linbo”
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Abstract In the current saliency detections based on deep learning, how to make full use of the convolution features

at all levels is the key issue. In order to solve this problem, we propose a saliency detection method based on full

convolution neural network, which is a fusion of all convolutional features. Firstly, all the convolution features are

mapped to multiple internal scales, and the saliency maps are predicted by combining the convolutional features of

each level on each scale.

Then the fused saliency maps are obtained by fusing the saliency maps of each scale.

Finally, smooth saliency maps and optimized salient boundaries are obtained through full connected conditional

random fields. Experimental results show that the proposed method has higher accuracy, recall rate and lower

average absolute error in ECSSD database and SED2 database, and provides more reliable pretreatment results for

target recognition, machine vision and other applications.

Key words machine vision; saliency detection; fully convolutional neural network;all convolution features; multi-

scale fusion
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Fig. 3 Comparison of saliency maps results. (a) Source; (b) without CRF; (c¢) with CRF; (d) ground truth
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Fig. 4 Comparison of saliency maps. (a) Input images; (b) SF algorithm; (c¢) GS algorithm; (d) wCO algorithm;

(e) BL algorithm; (f) BSCA algorithm; (g) RFCN algorithm; (h) AFC algorithm; (i) ground truth
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Table 1 Comparison of three indicators of different methods

Algorithm MAE F-measure AUC
AFC 0.059 0.879 0.981
RFCN 0.107 0.866 0.976
BSCA 0.182 0.76 0.922

BL 0.216 0.76 0.916

wCO 0.171 0.727 0.886

MR 0.189 0.773 0.889

GS 0.206 0.645 0.884

SF 0.219 0.612 0.793
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