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Deep Learning Based Salient Object Detection in Infrared Video

ZHU Ye,HAO Yingguang and WANG Hongyu

School of Information and Communication Engineering, Dalian University of Technology,Dalian, Liaoning 116024 ,China
Abstract In the face of massive infrared video images with more and more complex background, the performance of the tradi-
tional methods for salient object detection decreases significantly. In order to improve the performance of salient object detection
in infrared images, this paper proposes a deep learning-based salient object detection model for infrared video,which mainly con-
sists of a spatial feature extraction module,a temporal feature extraction module,a residual skip connection module and a pixel-
wise classifier. First,the spatial feature extraction module is used to extract spatial saliency features from raw input video frames.
Secondly, the temporal feature extraction module is used to obtain temporal saliency features and spatio-temporal coherence mo-
deling. Finally, the spatial-temporal feature information and the spatial low-level feature information obtained by connecting the
spatial module with the residual skip connection layer are sent into the pixel-wise classifier to generate the final salient object de-
tection results. To improve the stability of the model, BCEloss and DICEloss are combined to train the network. The test is car-
ried out on infrared video dataset OTCBVS and infrared video sequences with complex background. The proposed model can ob-

tain accurate salient object detection results,and has robustness and good generalization ability.

Keywords Infrared video,Salient object detection,Deep learning,Convolutional neural network.Loss function
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Fig. 6 irwl0 test results
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Fig. 8 Real infrared video sequence test results
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Table 3 Evaluation indicators of different algorithms
Max Max il

g A MAE Fomeasure E-measure S-measure % :;z'ﬁij,/ o
CPD 0.0024 0.6206 0.7437 0.6635 32.38
MGA 0.0050 0.4599 0.7841 0.6596 25.41
Ds-Net 0.0033 0.5532 0.7062 0.6389 30. 34
RerNet 0.0022 0.8242 0.8182 0.7415 46. 94
ours 0.0014 0.7944 0.8526 0.7926 82. 86
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Table 4 Ablation experiment 1
Ma Ma
R MAE . ax . ax S-measure
F-measure E-measure
EER- 8-S 0.0017 0.6137 0.6171 0.6861
72 |8 # B+ CBAM 0.0016 0.6607 0.9230 0.7790
B 18] 4 B 0.0021 0.6162 0.9224 0.7429
B 18] 4 Bk +
Non local block 0.0019 0.6898 0.9106 0.7888
R XCHA 0.0015 0.7466 0.9118 0.81656
#5 OMHMLE 2
Table 5 Ablation experiment 2
Max Max
B MAE S-measure
F’mCﬂSUl’C F}mcasurc
ESER- 7S 0.0026 0.2609 0.3029 0.5192
2= i # H -+ CBAM 0.0019 0.7442 0.5937 0.6556
Bt 18] 4 B 0.0018 0.6309 0.8990 0.7666
B 18] M Bk +
0.0028 0.2828 0.6686 0.5762
Non local block
R XCHA 0.0015 0.7466 0.9118 0.8156
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