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Salient Object Detection with Feature Hybrid Enhancement and Multi-loss Fusion

LI Chunbiao, XIE Linbo*, PENG Li
Engineering Research Center of Internet of Things Technology Applications (School of Internet of Things
Engineering, Jiangnan University), Ministry of Education, Wuxi, Jiangsu 214122, China

Abstract: To tackle the problem of missing features and poor regional consistency in existing salient object detec-
tion algorithms, a salient object detection network which uses feature hybrid enhancement and multi-loss fusion
based on fully convolutional neural network is proposed. The network includes a context-aware prediction module
(CAPM) and a feature hybrid enhancement module (FHEM). First, the context-aware prediction module is used to
extract the multi-scale feature information of the image, in which the spatial-aware module (SAM) is embedded to
further extract the high-level semantic information of the image. Furthermore, the feature hybrid enhancement
module is used to effectively integrate the global feature information and the detailed feature information generated
by the prediction module, and the integrated feature is enhanced through embedded feature aggregation module
(FAM). In addition, the multi-loss fusion method is used to supervise the network, which combines the binary cross-
entropy (BCE) loss function, the structured similarity (SSIM) loss function and the proposed regional augmentation
(RA) loss function. The network with the multi-loss fusion method can maintain the integrity of the foreground
region and enhance the regional pixel consistency. The algorithm is verified on five image datasets with multiple
salient objects and complex backgrounds. Experimental results demonstrate that the algorithm effectively improves
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the detection accuracy of saliency objects in complex scenes, and alleviates the problem of saliency map features

missing and poor regional consistency.

Key words: convolutional neural network; salient object detection; feature hybrid enhancement; regional aug-

mentation loss
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Fig.1 Framework of salient object detection network
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Fig.2 Spatial-aware module
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Fig.3 Efficient channel attention module
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Table 1 Performance comparison of
different modules in algorithm

Configurations max F, MAE
Baseline U-Net 0.742 0.089
CAPM 0.784 0.068
CAPM+FHEM(CA) 0.773 0.072
CAPM+FHEM(ECA) 0.803 0.057

Fig.4 Comparison of saliency detection

results of different modules
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Table 2 Performance comparison of
different losses in algorithm
Configurations max I, MAE
CAPM+FHEM+ ¢, 0.789 0.069
CAPM+FHEM+ ¢, 0.787 0.064
CAPM+FHEM+ ¢, 0.792 0.066
CAPM+FHEM+ ¢, | 0.803 0.057
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Fig.5 Comparison of saliency detection
results of different losses
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Table 3 Performance comparison of RA loss with
different coefficients in algorithm

a B y max F, MAE
1.0 1.0 1.0 0.792 0.066
1.0 1.0 2.0 0.797 0.063
0.1 0.9 2.0 0.756 0.076
02 0.8 2.0 0.762 0.073
03 0.7 2.0 0.803 0.057
0.4 0.6 2.0 0.801 0.058
05 05 2.0 0.796 0.061
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Fig.6 Comparison of PR curves and F-measure curves of different algorithms
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Table 4 Performance comparison of different algorithms on 5 datasets
Model ECSSD DUT-OMRON DUTS-TE HKU-IS SOD

max I, MAE max F, MAE max F, MAE max F, MAE max F, MAE
Ours 0.942 0.036 0.803 0.057 0.860 0.046 0.928 0.031 0.857 0.102
CapsNet 0.887 0.052 0.703 0.063 0.799 0.048 0.880 0.039 — —
RAS 0.921 0.056 0.786 0.062 0.831 0.059 0.913 0.045 0.850 0.124
Amulet 0.915 0.059 0.743 0.098 0.778 0.084 0.897 0.051 0.806 0.141
NLDF 0.905 0.063 0.753 0.080 0.812 0.066 0.902 0.048 0.841 0.124
UCF 0.911 0.078 0.734 0.132 0.771 0.117 0.886 0.074 0.803 0.164
RFCN 0.890 0.107 0.742 0.111 0.784 0.091 0.892 0.079 0.799 0.170
ELD 0.867 0.079 0.715 0.092 0.738 0.093 0.839 0.074 0.764 0.155
DCL 0.890 0.143 0.739 0.097 0.782 0.088 0.885 0.072 0.823 0.141
LEGS 0.827 0.118 0.669 0.133 0.655 0.138 0.766 0.119 0.734 0.196
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Fig.7 Comparison of saliency detection results of different algorithms
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