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Ship Target Tracking Based on Tracking-Learning-Detecting Tactics
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Abstract: When warship targets are tracked in complex background, the targets loss may occur in some
frames. In order to overcome the problem, a tracking-learning-detecting (TLD) algorithm is introduced.
With the random ferns classifier which is trained online, the detection is performed based on the
classification results. PN learning constrained by spatial and temporal features is used to update the
classifier. The detection results and tracking results are fused to locate the target in each frame. Finally,
experimental result shows that the TLD tracking algorithm has a high recognition rate and a low false
detection rate. Benefitting from continuous learning with various target changes in each frame, the TLD
algorithm is robust to target appearance changes and occlusion, and has a good real-time performance. The
proposed algorithm can meet the requirements of general online tracking system.
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Fig.1 Schematic diagram of warship tracking based on TLD algorithm
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Fig.6 The tracking results based on mean shift algorithm when the targets’ scales in image sequence are changing

(a)%% 2 i (a)No.2 frame (0)Z 30 157 (b) No.30 frame (c)% 60 W (c) No.60 frame
K7 EEFHH H R R TLD FREFZCRIE
Fig.7 The tracking results based on TLD algorithm when the targets’ scales in image sequence are changing
E .
#£13600 — ETHEEAEH
m mean shift &k
%al 1600
# —=—TLDE
# 9600
:2 7600 L —— HIFEZERE
1 8 16 24 32 40 44 48 52 56 60
g £

8  PRIPHIT H s AR PR fE Ll

Fig.8 Diagram of tracking performances when the targets’ scales in image sequence are changing
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Fig.10 The tracking results based on TLD algorithm when the targets have large displacement in image sequences
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Fig.13 The tracking results based on TLD algorithm when the targets loss in some frames
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Fig.14 Diagram of tracking performances when the targets loss in some frames
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