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Abstract

Recently, physical fare evasion in public transit is rising, yet conventional surveillance and card analysis often
miss unauthorized entries like gate jumping and tailgating. This paper proposes GateGuard, a real-time detection
system combining YOLOv11 detection, ByteTrack tracking, and LineZone line-crossing analysis. It adds face
de-identification, real-time alerts, and automatic evidence storage for privacy and practical use. A self-improving
framework also feeds staff feedback on false detections into retraining. On the Al Hub dataset and self-collected
videos, it improves mAP@0.5:0.95 by 8.8% and MOTA by 10.4% over the baseline.
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