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Abstract The existing light field image saliency detection algorithms cannot effectively measure the focus information,
resulting in an incomplete salient object, information redundancy, and blurred edges. Considering that different slices of
the focal stack and the all-focus image play different roles in saliency prediction, this study combines the efficient channel
attention (ECA) network and convolutional long short-term memory model (ConvLSTM) network to form a feature fusion
network that adaptively fuse the features of the focal stack slices and all-focus images without reducing the dimension; then
the feedback network composed of the cross feature module refines the information and eliminates the redundant
information generated after the feature fusion; finally, the ECA network is used for weighing the high-level features to
better highlight the saliency area to obtain a more accurate saliency map. The network proposed has F-measure and mean
absolute error (MAE) of 0. 871 and 0. 049, respectively, in the most recent data set, which are significantly better than the
existing red, green, and blue (RGB) images, red, green, blue, and depth (RGB-D) images, and light field images saliency
detection algorithms. The experimental results show that the proposed network can effectively separate the foreground and
background regions of the focal stack slices and produce a more accurate saliency map.
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Table 1 Network parameters of feature extraction module

VGG-19 Dimensionality reduction
Layer kX k—n Input size Output size S Layer kX k—n Input size Output size S
Convl 3X3—64 256 X256 X3 256 X256 X64 1 Conv2 3X3—64 64X64X128 64X 64X 64 1
Maxpool 2X2 256 X256 X64 128X 128X64 2 Conv3 3X3—64 32X32X256 32X 32X 64 1
Conv2 3X3—128 128X128X64 128X128X128 2 Conv4 3X3—64 16X16X512 16X 16X 64 1
Maxpool 2X2 128X 128X 128  64X64x128 2 Convb 3X3—64 16X16X512 16X 16 X 64 1
Conv3d  3X3—256  64X64X128 64X64X256 1 Conv2 64X 64X 64 64X 64X 64
Maxpool 2X2 64 X 64 X256 32X 32X256 2 Conv3 Upsampling 32X 32X 64 64 X 64X 64 1
Convd  3X3—512 32X32X256 32X32X512 1 Conv4 Upsampling 16 X 16X 64 64X 64X 64 1
Maxpool 2X2 32X32X512 16 X16x512 2 Convb Upsampling 16 X 16X 64 64X 64X 64 1
Convs 3X3—512 16X16X256 16X16x512 1 Conv2 Convh Concat 64X 64X 64  64X64X(64X13)
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Fig. 4 Comparison of PR curve results of differrent algorithms in (a) LESD data set and (b) DUT-LF data set
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Table 2 Comparison of index results of different algorithms in DUT-LF data set and LFSD data set

DUT-LF data set

LEFSD data set

Algorithm F-measure MAE S-measure E-measure F-measure MAE S-measure E-measure
LFS 0.533 0.227 0.585 0.742 0.735 0.205 0.681 0.773
RDFD 0.599 0.191 0.658 0.774 0.802 0.136 0.786 0.834
FPM 0.619 0.142 0.675 0.745 0.800 0.134 0.791 0.839
MWS 0.742 0.132 0.702 0.781 0.788 0.132 0.809 0.781
S2MA 0.753 0.102 0.787 0.816 0.803 0.094 0.837 0.863
DLSD 0.684 0.087 0.786 0.839 0.779 0.117 0.786 0.852
MAC 0.717 0.092 0.752 0.789 0.793 0.118 0.789 0.839
DLFS 0.868 0.070 0.852 0.905 0.715 0.147 0.737 0.806
MOLF 0.843 0.052 0. 887 0. 923 0.819 0.088 0. 886 0.831
LF-Net 0.833 0.055 0.878 0.913 0.805 0.092 0.820 0. 882
ER-Net 0.903 0. 040 0. 898 0. 946 0. 825 0. 085 0.822 0. 885
Proposed 0.871 0. 049 0. 890 0.913 0.812 0.088 0. 889 0.843
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Table 3 Comparison of robustness results of different algorithms

DUT-LF data set LEFSD data set

Algorithm
MAE F-measure MAE F-measure
MOLF 0.059 0. 801 0.088 0. 786
ER-Net 0.048 0. 870 0.089 0. 805
Proposed 0. 049 0. 870 0. 086 0. 810
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Fig. 5 Comparison of visual results of different algorithms in DUT-LF data set
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Fig. 6 Comparison of visual results of different algorithms in LFSD data set
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Table 4 Ablation experiments of different modules

DUT-LF data set LFSD data set

Network structure
MAE F-measure MAE F-measure

Baseline 0.110 0.822 0.132 0.753

+SE and ConvLSTM  0.072  0.850 0.100 0.771

+ECA and ConvLSTM 0.061 0.863 0.094 0.798
+ECA and ConvLLSTM

+Feedback refinement  0.049  0.871 0.088 0.812
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