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Edge aware guidance saliency detection based on multi—-modal

remote sensing image
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(la.Department of Computer Science and Technology ; 1b.Beijing Key Laboratory of Petroleum Data Mining, China University of Petroleum ,
Beijing 102249, China; 2.Beijing Institute of Space Mechanics & Electricity, Beijing 100094, China)

Abstract: To address the problems of poor robustness and poor detection accuracy of multimodal
remote sensing image saliency detection, this paper proposes a method based on the novel and efficient
Multi-modal Edge aware Guidance Network(MEGNet), which mainly consists of a salient detection
backbone network for multi—-modal remote sensing images, a cross—modal feature sharing module and an
edge aware guidance network. First of all, a Cross—modal Feature Sharing Module(CFSM) is used during
feature extraction for remote sensing image pairs, which encourages different modalities to complement
each other in the feature extraction process and suppresses the influence of defective feature data from
different modalities. Secondly, based on the Edge Aware Guidance Network(EAGN), the effectiveness of
edge features is detected through the edge map supervision module and the final salient detection map
will have clear boundaries. Finally, experiments are carried out on three kinds of saliency objects
detection remote sensing image datasets. The average F,, Mean Absolute Error(MAE) and S, scores are
0.917 6, 0.009 5 and 0.919 9, respectively. The experimental results show that the proposed MEGNet is
suitable for saliency detection in multi—-modal scenes.
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Tablel Experimental results of evaluation indicators for different salient detection methods on three datasets

L ORSSD EORSSD our dataset
evaluation indicators 7, MAE(L) 5.(h F,(T) MAE(Y) S, (M) Fo(M) MAE({) S,(H
DAFNet-V 0917 4 0.0125 09191 0.8922 0.006 0 09167 0.868 1 0.0153 09121
DAFNet-R!"! 0.9235 0.010 6 0918 8 0.906 0 0.0053 09185 0.8855 0.0113 0916 4
PoolNet!' 0.791 1 0.0358 0.840 3 0.781 2 0.020 9 0.821 8 0.753 6 0.0379 0.800 8
DSS® 0.783 8 0.0363 0.826 2 0.715 8 0.018 6 0.787 4 0.646 7 0.0397 0.7379
EGNet!!"! 0.843 8 0.021 6 0.872 1 0.806 0 0.0109 0.860 2 0.757 8 0.026 8 0.849 3
RCRRE! 0.594 4 0.1277 0.684 9 0.449 5 0.164 4 0.601 3 0.368 7 0.1879 0.5128
RRWRHM 0.5950 0.1324 0.683 5 0.449 5 0.167 7 0.599 7 03705 0.1923 0.507 6
proposed 0.9355 0.0117 0.924 1 0.913 2 0.005 7 0.918 9 0.909 1 0.009 1 0.9255
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Fig.6 P-R curves of different salient detection methods on three datasets
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Fig.7 Visualization results of different saliency detection methods in optical remote sensing images (a) input optical remote sensing images; (b) salient
detection ground truth images; (c) DAFNet-V; (d) DAFNet-R; (e) PoolNet; (f) DSS; (g) EGNet; (h) RCRR; (i) RRWR; (j) our method
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Fig.8 Visualization results of different saliency detection methods in infrared remote sensing images (a) input infrared remote sensing images; (b) salient
detection ground truth images; (c) DAFNet-V; (d) DAFNet-R; (e) PoolNet; (f) DSS; (g) EGNet; (h) RCRR; (i) RRWR; (j) our method
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Fig.9 Comparison of visualization results of MEGNet ablation experiment (a) input images;(b) salient detection ground truth images;
(C) Netgtiiél:our(d) Netx‘mhout’ (C) Netw]ulwul’(f) MEGNet
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Table2 Average experimental results of each evaluation metric in the salient detection experiment of different models on the self-made dataset

evaluation indicators Fy(T) MAE() S. (M
Net iithout 0.888 6 0.0103 0.903 0
Net jihout 0.8577 0.0117 0.891 4
Nel;fl"hm" 0.8318 0.0121 0.8759
MEGNet 0.909 1 0.009 1 0.925 5
3 i
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