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Abstract: This study presents a motion blur object tracking method which combines the histogram of
oriented gradient and hue saturation (HOGHS) with the Zernike moments f[eatures based on ECO_
HC. This method was proposed to address object blur caused by the motion of the camera or the ob-
ject itself. HOGHS was constructed by integrating fHOG with color features, and the properties of
Zernike moments were introduced. The object was represented by combining HOGHS and Zernike
moments, Furthermore, a novel quality evaluation method of response map was proposed that consid-
ers both positioning accuracy and robustness. Based on this method, an adaptive fusion strategy that
leverages the complementary properties of HOGHS and Zernike moments was implemented. Experi-

ments were performed on the motion blur sequences from the OTB-100 datasheet. Our method was
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compared to four existing state-of-the-art methods. Results show that the precision and success rate

are 0. 849 and 0. 827, respectively, and the frame rate is 38. 4 frame/s. The proposed method outper-

formed the top performing tracker from VOT-2016, namely, ECO_HC, with a relative gain of 2. 3%

in Pre-20 and 2. 4% in arca under the curve. The results show that the proposed method can effective-

ly achieve the goal of motion blur object tracking.
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