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Moving target recognition and tracking algorithm based
on infrared image processing

GENG Yu-fei,ZHOU Kuan,LIU Ji-zhou, LI Hong
(CETC Electro-Optics Technology Co. ,Ltd. ,Beijing 100015, China)

Abstract: To address the problem of difficulty in recognizing and tracking targets using infrared thermal imaging cam-
eras in a complex and rapidly changing battlefield environment, a moving target recognition and tracking algorithm
based on infrared image processing is proposedin this paper. The algorithm mainly consists of two parts : detection and
tracking of mobile targets. Firstly,the Gaussian background modeling method is used to extract moving targets. Second-
ly, Kalman filtering is applied to locate and track moving targets, and finally ,the Hungarian algorithm is used to deter-
mine the attribution of target points. The experimental results show that compared with the SORT tracker, the proposed
algorithm improves MOTA by 1.4 % ,MT by 11.9 % ,reduces ML by 6.5 % ,IDs by 33.3 % ,and FN by 13.6 %,
which improves the tracking accuracy and successfully realizes the tracking of multiple moving targets. The algorithm
in this paper has broad application prospects in military fields.
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Fig. 1 Logic flowchart of mobile object tracking algorithm
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virtual double  getBackgroundRatio () const=0
Returns the “bekground ratio” parameter of the algorithm. More...

virtual double getComplexityReduction Threshold () const=0
Returns the complexity reduction threshold.More...

virtual bool  getDetectShadows () const=0
Returns the shadow detection flag.More...

virtual int getHistory () const=0
Returns the number of last frames that affect thebackground model. More...

virtual int  getNMixtures () const=0
Returns the number of gaussian components in the background model. More...

virtual double getshadowThreshold () const=0
Returns the shadow threshold. More.

virtual int getShadow Value () const=0
Returns the shadow value. More..

virtual double getVarlnit () const=0
Returns the initial variance of each gaussian component. More...

virtual double getVarMax () const=0
virtual double ~getVarMin () const=0
virtual double _ getVarThreshold () const=0

Returns the variance threshold for the pixel-model match. More...

virtual double _getVarThresholdGen () const=0
Returns the variance threshold for the pixel-model match used for new mixture component generation.More...

Virtual void_setBackgroundRatio (double ratio) =0
Sets the “background ratio” parameter of the algorithm. More...

virtual void_setComplexityReduction Threshold (double ct) =0
Sets the complexity reduction threshold. More...

virtual void setDetectShadows (bool detectShadows) =0
Enables or disables shadow detection. More...

virtual void setHistory (int history) =0
Sets the number of last frames that affect the background model. More...

virtual void SetNMixtures (int nmixtures) =0
Sets the number of gaussian components in the background model. More...

virtual void setShadowThreshold (double threshold) =0
Sets the shadow threshold. More...

virtual void - setShadow Value (int value) =0
Sets the shadow value. More..

virtual void setVarInit (double varInit) =0
Sets the initial variance of each gaussian component. More...

virtual void setVarMax (double varMax) =0
virtual void setVarMin (double varMin) =0

virtual void setVarThreshold (double varThreshold) =0
Sets the variance threshold for the pixel-model match. More...

virtual void_setVarThresholdGen (double varThresholdGen) =0
Sets the variance threshold for the pixel-model match used for new mixture component generation. More...
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Fig. 3 Visualization of the implementation of Gaussian background

modeling and Kalman filtering algorithm
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