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Moving Object Detection and Tracking Techniques for Error Reduction
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E2H 9478 &2 4 34 5 Aoz glsqit.
[Abstract]

In this paper, we propose a moving object detection and tracking algorithm based on multi-frame feature point tracking
information to reduce false positives. However, there are problems of detection error and tracking speed in existing studies. In
order to compensate for this, we first calculate the corner feature points and the optical flow of multiple frames for camera
movement compensation and object tracking. Next, the tracking error of the optical flow is reduced by the multi-frame
forward-backward tracking, and the traced feature points are divided into the background and the moving object candidate based
on homography and RANSAC algorithm for camera movement compensation. Among the transformed corner feature points, the
outlier points removed by the RANSAC are clustered and the outlier cluster of a certain size is classified as the moving object
candidate. Objects classified as moving object candidates are tracked according to label tracking based data association analysis.
In this paper, we prove that the proposed algorithm improves both precision and recall compared with existing algorithms by using

quadrotor image - based detection and tracking performance experiments.

Key word : Optical Flow, Object tracking, Forward-Backward Algorithm, DBSCAN, Data association.
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Table 1. Confusion matrix table.

Predicted Condition
Detection Non-Detection
. TP FN
Detection
True =733 =16
Condition Non FP TN
Detection =15 =66
# 2. O|S&El T PrecisionZt Recall
Table 2. Precision and Recall.
Runner Dataset Equation
Precision 98.0% TP/(TP+FP)
Recall 97.9% TP/(TP+FN)
E 3. gu2|Ee EHXen Mk
Table 3. Detection rate and accuracy.
Rate Equation
Detection 979 % Number of Detected Object
Rate o /Number of Moving Object
Accuracy 100 % Detected Object(Pixel Error<15)
Rate ’ /Number of Detected Object
Accuracy 98.1 % Detected Object(Pixel Error<10)
Rate o /Number of Detected Object
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