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(Dense Optical flow based Moving Object Detection
at Dynamic Scenes)
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Abstract

Moving object detection system has been an emerging research field in various

advanced driver assistance systems (ADAS) and surveillance system. In this paper, we propose
two optical flow based moving object detection methods at dynamic scenes. Both proposed

methods consist of three successive steps;

post-processing steps. Two

pre—processing, foreground segmentation, and
proposed methods have the same

pre-processing and

post-processing steps, but different foreground segmentation step. Pre-processing calculates
mainly optical flow map of which each pixel has the amplitude of motion vector. Dense optical
flows are estimated by using Farneback technique, and the amplitude of the motion normalized
into the range from O to 255 is assigned to each pixel of optical flow map. In the foreground
segmentation step, moving object and background are classified by using the optical flow map.
Here, we proposed two algorithms. One is Gaussian mixture model (GMM) based background
subtraction, which is applied on optical map. Another is adaptive thresholding based foreground
segmentation, which classifies each pixel into object and background by updating threshold value
column by column. Through the simulations, we show that both optical flow based methods can
achieve good enough object detection performances in dynamic scenes.

Keywords : Optical flow, Farneback motion estimation, Moving object detection, Dynamic scene,

Column based thresholding
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IAHE A, WA A3 7ol ok ols A AlQE E3F 2l 7IHE A83 ol AA AE ¢
A= 7I¥oel Z&Ho gt [1]AE 7hAIE & 2 EFE Agsta, ® o shvhe g 42 4§
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Table 1. Comparison of the detection results of

the moving objects detection at dynamic scenes

video | object type recall precision
42 Column 1.000 0.618
d GMM 0.976 0.323
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