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Abstract

Object detection systems for safe walking of visually impaired people require real-time processing and high
accuracy, but face limitations due to the scarcity of publicly available pedestrian perspective datasets. This study
proposes a novel YOLO optimization framework that integrates Few-shot Learning and Grounding DINO to overcome
these limitations. The proposed framework maintains an mAP of 0.80 while reducing the number of labeled images
per class by 95%, from 3,000 to 150. By introducing dynamic batch normalization and confidence-based weight loss
functions, the system achieves stable performance with an mAP of 0.78 even in adverse conditions such as nighttime
rain. The framework demonstrates real-time processing capability in mobile environments with 42 FPS and 3.5GB
memory usage. Our integrated approach shows potential applications in various fields with limited labeled data, such
as medical image analysis and industrial inspection.
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