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Salient object detection based on bidirectional message
link convolution neural network

SHEN Kai, WANG Xiaofeng, YANG Yadong
(College Of Information Engineering, Shanghai Maritime University, Shanghai 201306, China)

Abstract: The effective extraction and efficient utilization of features are among the most challenging tasks in salient
object detection. The common convolutional neural network (CNN) can hardly reach a fine trade-off between effective
feature extraction and efficient utilization. This paper proposes a bidirectional message link convolutional neural net-
work (BML-CNN) model, which can extract and fuse effective features for salient object detection. First, the attention
mechanism is used to guide the feature extraction module to extract the effective entity features, select, and integrate the
multi-level context information in a progressive way. Second, the high-level semantic information is merged with shal-
low-profile information by a bidirectional message link, which is composed of a skip connection structure and a mes-
saging link with a gating function. Finally, the saliency map can be generated by multi-scale fusion strategy, and effect-
ive features are encoded on several layers. The qualitative and quantitative experiments on six benchmark datasets show
that the BML-CNN reaches the state-of-the-art performance under different indexes.

Keywords: salient object detection; convolutional neural network; attention mechanism; bidirectional message link;

multi-scale fusion
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BL 0.238  0.409 0.239 0.499 0.207  0.660 0.219  0.530 0.217 0.684 0.249  0.574
KSR 0.121  0.602 0.131 0.591 0.120  0.747 0.123  0.604 0.135  0.782 0.157  0.704
DRFI 0.175 0.541 0.138 0.550 0.145  0.722 0.150 0.576 0.166 0.733 0.207  0.618
LEGS 0.138  0.585 0.133 0.592 0.119  0.723 0.125  0.607 0.119  0.785 0.155  0.697
MDF 0.100 0.673 0.092 0.644 — — 0.109  0.636 0.108  0.805 0.146  0.709
ELD 0.093  0.628 0.092 0.611 0.074  0.706 0.098 0.634 0.082 0.810 0.123  0.718
DS 0.091 0.632 0.120 0.603 0.078  0.785 0.116  0.626 0.124  0.826 0.176  0.659
MCDL 0.105 0.594 0.089 0.625 0.092  0.757 0.103  0.620 0.102  0.796 0.145  0.691
DCL 0.149 0.714 0.157 0.684 0.136  0.853 0.161 0.676 0.151  0.827 0.181 0.714
RFCN 0.090 0.712 0.111 0.627 0.089  0.835 0.100  0.695 0.109 0.834 0.133  0.751
DHS 0.067 0.724 — — 0.054 0.852 0.082  0.673 0.063 0.871 0.095  0.773
UCF 0.117  0.629 0.132 0.613 0.074  0.808 0.112  0.645 0.080 0.841 0.127  0.701
Amulet  0.085 0.678 0.098 0.647 0.052 0.839 0.094  0.670 0.061 0.869 0.100  0.763
Ours 0.063  0.758 0.070 0.732 0.049 0.872 0.071  0.731 0.063  0.882 0.090  0.803
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