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Infrared ship-target recognition based on SVM classification

Zhang Difei, Zhang Jinsuo, Yao Keming, Cheng Minwei, Wu Yongguo
(Tianjin Jinhang Institute of Technical Physics, Tianjin 300192, China)

Abstract: Aiming at the ship-target recognition of sea-sky background, an classification algorithm based
on machine learning was proposed. In the method, the segmentation algorithm was firstly adopted to
extract connected region in infrared image. Then, the corresponding position of the original image was
marked and normalized. Afterwards, the high-dimensional feature vector of branded region by using the
HOG algorithm was extracted. Finally, the high-dimensional feature vector that came form suspected
target area was classified by the SVM classifier which was trained by sample library. Simulation
experimental result indicates that the algorithm not only can effectively recognise the infrared ship-targets
in complex sea-sky background of interference, but also have good performance.
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Fig.5 Some instances figures of the training sample library
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Tab.1 Training result of kernel function

Nuclear of Iteration Number of Accuracy
support vector number support vector 14 264
Linear 4287 636 98.990 5%
Polynomial 6429 12 588 55.874 9%
RBF 1313 2088 98.086 1%
Sigmoid 1594 2657 97.609 4%
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Fig.6 Schematic diagram of cross-validation
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Fig.7 Relationship between cost and learning accuracy

M E R S gE ] LU Y, XA 21 SN
H AR REAS B e 7, TR ACEE B 2 1) SVM 43
KM S SRR R A% 38 R IE I 5k F
99.2354% M IE A% 5 A% A8 IR Uk B 35 2] 99.298%
A IE B R 4538 XH6IE A ik 21 99.2841% A4 1E #i
R R SCH R E cost=2 1E A SVM 20 28 I 1B 51
AR E

TEVEIER M I BUVE Sy SVM 4325 2% 1Y 1% R B, 78
I E B EL cost=2 Bf, Xt 4& A BEAKE 2 UEF 724 2
Y2 18339 SVM 432K 28 0 45 0, Hosk e
BRI 2 B

R 2 SVM SRR/ SRR
Tab.2 Training model of the SVM classifier

Model of SVM classifier

Min w* -1086.859 578
Constant of b* classification function 10.324 347
Number of support vector 899
Number of margin support vector 540

Training accuracy 99.292 5%(16 700/16 819)
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Tab.3 Target recognition result
Performance
i [4]
Algorithm index Seq 1 Seq 2
An automat.lc P, 52 44% 0.94%
target detection
method for
infrared ship in
complex sea-sky F, 4.4% 86.96%
background!”
. [5]
An automatic P, 21.95% 67.81%
recognition
algorithm based .
on edge feature F, 40.00% 30.90%
Infrared ship- P, 95.12% 98.81%
target recognition 61
based on the
classifier of F, 3.7% 1.2%

SVM algorithm
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