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Infrared ship target tracking based on saliency guided siamese network

LI Xiang', ZHANG Ting', LIU Zhaoying', LIU Bo', LI Yujian®

(1. Faculty of Information Technology, Beijing University of Technology, Beijing 100124, China; 2. School of Artificial Intelligence,
Guilin University of Electronic Technology, Guilin 541004, China)

Abstract: Infrared images often have features with low discriminative power, making it difficult to segment targets from
the background using existing methods. Owing to the nature of infrared imaging, targets usually exhibit high local sali-
ency. To address this, we propose a method for tracking infrared ship targets using saliency-guided Siamese networks
(SGSiam). This approach uses the target's saliency as prior knowledge to guide the tracking model for precise target loc-
alization. First, this study presents a saliency prediction network and a saliency enhancement network. The saliency pre-
diction network generates a global saliency map of the search area, which is input into the saliency enhancement net-
work to strengthen the target and improve the discriminative ability of the model. Second, a shared cross-correlation ar-
chitecture is designed to calculate the similarity between the template image features and the saliency-enhanced search
region features, thus improving the model efficiency and performance through shared feature maps for classification and
regression tasks. Finally, owing to the lack of publicly available infrared ship tracking data sets, we introduce a new in-
frared ship data set (ISD), which includes 16 different ship types and 7800 video frames with manual annotations. Ex-
perimental results on ISD show that our model outperforms 18 commonly used tracking models, achieving the highest
accuracy and the highest expected average overlap score.

Keywords: infrared ship tracking; siamese network; salient object detection; feature fusion; shared correlation; multi-

task learning; convolutional neural network; deep learning
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Fig.1 Overall architecture of the proposed SGSiam
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Fig.2 Architecture of the two feature integration module
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Fig. 3 Architecture of the saliency enhancement module
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Table 2 Ablation study on the proposed ISD
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Fig.5 Comparison with start-of-the-art on ISD
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Table 3 Comparison with start-of-the-art on different videos in terms of accuracy

i midl hl kt myyyc tc_qzc_sag xIt ye yl yye
EnSiamMask 0.730 0.486 0.823 0.687 0.605 0.493 0.693 0.782
SiamDW 0.854 0.760 0.691 0.452 0.601 0731 0.779 0.693
SiamMask 0.773 0.501 0.830 0.621 0.613 0.593 0.805 0.789
SiamRPN 0.641 0.427 0.768 0.542 0.532 0.437 0.689 0.765
SiamRPN-++ 0.673 0.399 0.786 0.656 0.542 0.466 0.752 0.790
Ocean 0.789 0.762 0.758 0.689 0.629 0.635 0.805 0.714
SiamGAT 0.685 0.622 0.768 0.549 0.657 0.549 0.660 0.690
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AL 0.774 0.513 0.859 0.715 0.684 0.627 0.815 0.834
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Fig. 6 Qualitative results on ISD dataset
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Table 4 Experimental results with other 18 models in terms of inference speed

iR THUEE/(f/5) sy THUEE/(f/s) sy THUEE/(f/5) sy TR /(f/s)
SiamRPN 70.2 SiamRPN-++ 112 CCST 65.6 SiamRBO 203
SiamBAN 11.4 SiamCAR 11.1 SiamMask 23.1 ATOM 8.7
EnSiamMask 17.1 SiamFC++ 21.8 SiamKPN 7.3 ECO 2.0
Ocean 16.0 SiamDW 25.3 CLNet 12.7 AL 19.2
SiamRN 3.4 SiamGAT 19.1 TCTrack 30.4 — —
T IR RS
&5 7 PTB-TIR EM3T L LIMER
Table 5 Comparison results on the PTB-TIR dataset
PERE MLSSNet CREST  UDT  MCFTS  HSSNet  HDT HCF CFNet  SiamFC A
RIS 0.539 0.524 0.529 0.492 0.468 0457 0448  0.449 0.480 0.577
K 0.741 0.711 0.699 0.690 0.689 0.687  0.671  0.629 0.623 0.757
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