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Deep Learning Based Salient Region Detection

LIANG Ye!'?, MA Nan?, LIU Hongzhe'

(1. Beijing Key Laboratory of Information Service Engineering, Beijing Union University, Beijing, 100101, China;2. College of
Robotics, Beijing Union University, Beijing, 100044, China)

Abstract: Several complex networks are usually designed in salient region detection to detect saliency,
which inevitably leads to very high computational and storage costs. The deep learning network has the
characteristics of multi-scale and different convolution layers have different spatial resolutions, thus the
design of complex network structure can be avoided. In this paper, a novel convolution neural network is
designed by taking advantage of multi-scale characteristics. Both the multi-scale features and the influence
of the size of salient regions are considered to saliency detection. Experiments show the superiority of our
method on popular benchmark datasets.
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Table 2 Results on the dataset ECSSD by dif- Table 3 Results on the dataset DUT-OMRON
ferent methods by different methods

ik F-measure AUC MAE WRES F-measure AUC MAE
MR 0.637 2 0.834 4 0.236 6 MR 0.406 4 0.727 3 0.246 1
BSCA 0.657 9 0.845 2 0.233 2 BSCA 0.574 4 0.865 1 0.1917
WCtr 0.6119 0.822°5 0.2257 WCtr 0.588 2 0.8718 0.143 8
MBS 0.634 1 0.826 1 0.230 9 MBS 0.5757 0.868 4 0.156 7
SELD 0.769 8 0.865 6 0.156 1 SELD 0.676 7 0.9139 0.092 4
DCL 0.699 1 0.889 8 0.161 5 DCL 0.629 3 0.9216 0.097 2
DS 0.716 5 0.893 6 0.189 2 DS 0.674 9 0.940 1 0.120 4
MDF 0.728 8 0.858 7 0.173 5 MDF 0.663 2 0.897 5 0.091 6
MCDL 0.735 2 0.863 1 0.170 2 MCDL 0.679 2 0.914 4 0.089 1
MultiS 0.773 8 0.908 5 0.160 3 MuluS 0.678 9 0.9317 0.089 5
F4 AEAEEPASCAL-SHIEE FHER x5 AEAAEEHKU-ISHEE TWER

Table 4 Results on the dataset PASCAL-S by Table 5 Results on the dataset HKU-IS by dif-

different methods ferent methods

ik F-measure AUC MAE VRES F-measure AUC MAE
MR 0.406 4 0.727 3 0.246 1 MR 0.644 8 0.867 1 0.187 9
BSCA 0.574 4 0.865 1 0.1917 BSCA 0.660 9 0.909 9 0.174 8
WCtr 0.4150 0.664 6 0.3231 WCtr 0.662 1 0.908 1 0.142 4
MBS 0.4614 0.724 9 0.286 6 MBS 0.680 6 0.919 6 0.174 3
SELD 0.574 4 0.738 8 0.266 1 SELD 0.799 1 0.958 1 0.073 6
DCL 0.523 1 0.747 6 0.261 2 DCL 0.747 5 0.977 3 0.0719
DS 0.542 3 0.7517 0.279 1 DS 0.8113 0.980 8 0.079 6
MDF 0.383 4 0.624 8 0.316 4 MDF 0.769 8 0.968 7 0.129 1
MCDL 0.527 3 0.736 6 0.273 9 MCDL 0.742 9 0.9329 0.092 9
MultiS 0.721 2 0.900 5 0.146 3 MultiS 0.800 8 0.987 2 0.073 2
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Fig.2 Some results on the dataset Pascal-S
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