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Infrared small target tracking algorithm based on meta-learning

RAZIYE Eysa ,ASKAR Hamdulla

(College of Information Science and Engineering, Xinjiang University , Urumqi 830046, China)

Abstract: In order to effectively solve the problem of insufficient training data base on studying the characteristics of
infrared dim dots, an improved algorithm for tracking infrared dim dots build upon meta-learning was adopted. Firstly, the pre-
training tracking model was used to apply the meta-learning to the convolutional neural network. The general representation of the
target were obtained through the offline training on the static infrared image data set, accordingly to obtain the specific
representation of the infrared point-like target by using the initial frame target position. The target motion model was predicted by
kalman filter algorithm and the optimal search area was obtained. In addition, in order to solve the problem of target loss caused
by occlusion, the re-detection mechanism was studied. Theoretical analysis and experimental verification were carried out, with
tracking accuracy up to 90% . Concluded that this approach is capable of tracking the infrared dim dots more accurately than
other tracking algorithms in the same data set. This research provides a reference for the application of machine learning
algorithms in the tracking of infrared dim and small targets.
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Fig. 1  The architecture of VGG network
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Fig.3 Some examples of static data and dynamic video data in the pre-

training stage
a—infrared static data set b—dynamic data set of field background

c¢—dynamic data set of sea-sky background
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Fig.4 Features of different layers extracted using VGG network

a—original image b ~d—conv 1 ~ conv 3 visualization
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Fig.5 The target is occlusion, deformation, back-ground clutter
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Fig. 6  Flow chart of the entire algorithm
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Tablel Data set for the test tracking
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Fig.7 Representative visual results of four tracking algorithms on seq. 1
dataset
a—tracking result of frame 1 ~b—tracking result of frame 10 c¢—

tracking result of frame 20  d—tracking result of frame 30

won GT e OUrS memmm median flow s TLD s MIL

Fig.8 Representative visual results of four tracking algorithms on seq. 2
dataset
a—racking result of frame 1 ~ b—tracking result of frame 180 c¢—

tracking result of frame 280  d— tracking result of frame 381

si = a si 3 i

o GT won OUrs mmmmm median flow sesss TLD s MIL
Fig.9 Representative visual results of four tracking algorithms on seq. 3
dataset

a—tracking result of frame 1 ~b—tracking result of frame 60 c¢—

tracking result of frame 110 d—tracking result of frame 170

won GT won OUrs mmmmm median flow sesss TLD s MIL
Fig. 10  Representative visual results of four tracking algorithms on seq. 4
dataset
a—tracking result of frame 1  b—tracking result of frame 140

c—tracking result of frame 240  d—tracking result of frame 342

wos GT e OUrS memmm median flow s TLD s MIL

Fig. 11  Representative visual results of four tracking algorithms on seq. 5
dataset
a—tracking result of frame 1 ~ b—tracking result of frame 100

c—tracking result of frame 170  d—tracking result of frame 270
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Fig. 12 10U, CLE, PRE plots of the four tracking algorithms on the seq. 1
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Fig. 13 10U, CLE, PRE plots of the four tracking algorithms on the seq.2
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