Ll it A/ L B

2
H COMPUTER SCIENCE Feb. 2018

ETRAXEFRERKNVF[ARERTTIE

E @
(GRFRITENAZESERR AL 230601

BERRL'
(GRRBLHEARZRERELEFS A 238000)!
W E BW, 8% KTHFTE(Autonomous Underwater Vehicle, AUV)BF R 69 & & & P ERIZ AL A5 50 4 F o ik
WEAR, MBESLLRA AUV EFRERET RASEFSF @ p MRS, KEEKBRESHFAALREAFRE
ERAEBRRALST — W THROBEASR LA ET . CERT. M ARAABERNTEEZIAZ A RH L,
XFRBT —HREREAFRZERHMILE, REREAFREER T ER R RLEK G F R AL RRE AT LR
RFRZEREEEBAEREFTRANEFTRALEERIBR  RETHAARDSZABEROEAE . RETRZERAGEWRE
5B, PHTEGATHREREAN AARAFREERL O REREHRTRERFREEEF ZEAF LG TR
F ok k Ak,
KW APIKRTHRARE. FREBE.AKERAFREZBEBE MEERIE, FHFELA

FEESEE  TP242 XERFRIEDS A DOI 10.11896/j. issn. 1002-137X. 2018. 02. 020
Robotic Fish Tracking Method Based on Suboptimal Interval Kalman Filter
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(Information Center, Hefei Technology College, Hefei 238000, China)!
(Department of Computer Science and Technology, Hefei University, Hefei 230601, China)?
Abstract Research of autonomous underwater vehicle CAUV) focuses on tracking and positioning, precise guidance and

return to dock,and so on. The robotic fish of AUV has become a hot application in intelligent education,civil and mili-
tary and so on. From the nonlinear tracking analysis of robotic fish,it is found that the interval Calman filtering algo-
rithm contains all possible filtering results, but the range is wide and relatively conservative,and the interval data vector
is uncertain before implementation. This paper proposed a ptimization algorithm of suboptimal interval Kalman filte-
ring. Suboptimal interval Kalman filtering scheme uses the inverse of interval matrix instead of its worst inverse.and it
is more approximate to nonlinear state equation and measurement equation than the standard interval Kalman filter,in-
creasing the accuracy of the nominal dynamic system model,and improving the speed and precision of tracking system.
Monte-Carlo simulation results show that the optimal trajectory of suboptimal interval Kalman filtering algorithm is
better than that of the interval Kalman filtering method and the standard filter method.

Keywords Autonomous underwater vehicle, Kalman filter, Suboptimal interval Kalman filter, Robotic fish tracking,
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Table 2 Comparison of error of simulation data

Optimal interval Suboptimal interval
Tracking Technique P P

Kalman filter tracking Kalman filter tracking

Hausdorff Pixel Error 36.1011 35.2261
RMS Pixel Error 29.0014 28.3103
Pixel Standard Deviation 6.3031 6.2125
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Table 3 Comparison of error of real data

Optimal interval Suboptimal interval
Tracking Technique P P

Kalman filter tracking Kalman filter tracking

Hausdorff Pixel Error 35.1215 35.1746
RMS Pixel Error 28.6317 28.4062
Pixel Standard Deviation 6.3533 6.2048
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