%45 %% 14 Gk T 2016 4 1 A
Vol.45 No.1 Infrared and Laser Engineering Jan. 2016

EFSVM 53 LRI £ 5T AR B FR12 51
Tkl K, RS, WA, R AR, R AKE
(RZZMRIL R EH R, RiZ 300192)

B EHATERFRTTONMBEAFRANRBET A TNEFIG LA L, ZEEEAMNA
o E| Bk AR B SN AR P 0 i 38 KR, OF xR B Al 6945 B AT AR AR )2 — e 4 22, R A A HOG
FAEIR BURRIT X 300 & AR @) 2, AR T AR AR R DI 447 2] 69 SVM 4 & %5 2 AT 4R e HOG 4 /e it
Ta TRy E IRA B AR TR, BAFRAN,ZAELARIFOME, ELLERTIL
F = T A A A MR A L IMLAS B A7

K. SVM £ %; s E%E; HOG 45455 ALAS B AR5

FESES: TNI76 XHEFRER: A DOI: 10.3783/IRLA201645.0104004

N,

Ax

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.4 Decision function of support vector machine
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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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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

Algorithm Perficr)lrdrz)z:nce Seq 1 Seq 2
An automatic P, 52.44% 0.94%
target detection
method for
infrared ship in
complex sea-sky F, 4.4% 86.96%
background!™
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
based on the
classifier of F, 3.7% 1.2%

SVM algorithm

HIZE 3 AT LA 0 i 1 R i A Tk 3R
AR S AL A [ B89 1 0 3R 58 R U 5 R Y
R WA B ORI BT A IO 4 3 S RE B BT T AR
MRS o T 3C P IE 5 B0 50 A VX AN ) 3 S 0 4R
AR A I BB 8 DR 5 5 e B TR R AR Y i T R TG
Ll NG S R i 7 Y €

5 4%

STBU DO RIS o7 NN E R 7Y S N € i e
IR, 32 2T SVM 73 2 1 H An U0 53k S0 4 25
R, ZEEAAE I RE ST RA —ERiT it
P BRI ZAR IR SO L IR WA e AR B
ESEBL, WA AL Bk O e AN T S R GRS
Ja s B — P e T,

S Sk

[1]  Christopher M Bishop. Pattern Recognition and Machine
Learning (Information Science and Statistics)[M]. New York:
Springer, 2006.

[2] Vpnik V N, Chervonenkis A Ja.

Theoey of Pattern

Recognition[M]. New York: Springer, 1974.

[3]

[4]

[5]

[6]

[7]

[8]

[9]

[10]

[11]

0104004-6

Yu Youchuan. Vehicle recognition method based on machine
learning[D]. Xi'an: Xidian University, 2009. (in Chinese)
TR T LG 2 > B A5 H AR R 5 2 (D). Y%
2 R R, 2000.

Zhang Quanfa, Pu Baoming, Li Tianran, et al. Vehicles
detection based on histograms of oriented gradients and
machine learning [J]. Computer Systems & Applications,
2013, 22(7): 104-107. (in Chinese)

kA, G E M, BRAK, 55 BT HOG R AE 1AL 2% 24 > 1)
TR AR, T RHLAR SR, 2013, 22(7): 104-107.
Mu Chunlei. The research of face recognition system based
on HOG feature [D]. Chengdu: University of Electronic
Science and Technology of China, 2013. (in Chinese)
AT AT HOG R AE 09 NG UM R L WF 58 [D]. ALAR:
L BB R A, 2013,

Zhao Lei, Wang Bing, Zhang Liming. Change detection for
remotely sensed images based on split window and semi-
supervised SVM [J]. Journal of Fudan University (Natural
Science), 2010, 49(2): 190-196. (in Chinese)

eSS | VAL e R R I SR S Sl R N i
R A AT M ()], 52 B2 4R (A AR B, 2010, 49(2):
190-196.

Wang Peng, Lv Gaojie, Gong Junbin, et al. An automatic
target detection method for infrared ship in complex sea-sky
background [J]. Geomatics and Information Science of
Wuhan University, 2011, 36(12): 1438—1441. (in Chinese)
EWE, B, A, F. — R AR SN LA
AR E RIS I R o1l ae S WA SN o o O (e = N S o T
2011, 36(12): 1438-1441. (in Chinese)

Dalal Navneet, Triggs Bill. Histograms of oriented gradients
for human detection [C]//IEEE Computer Society Conference
on Computer Vision and Pattern Recognition, 2005, 1: 886—
893.

Carl Vondrick, Aditya Khosla, Tomasz Malisiewicz, et al.
HOGgles: Visualizing Object Detection Features [C]// 2013
IEEE International Conference on Computer Vision (ICCV),
2013, 1: 1-8.

Cortes C, Vapnik V N. Support vector networks[J]. Machine
Learning, 1995, 20(3): 273-297.

Webb G I, Ting K M. On the application of ROC analysis
to predict classification performance under varying -class

distribution [J]. Machine Learning, 2005, 58(1): 2.





