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A Study on the Low Resolution Object Detection Method using
Saliency U-Net and Data Augmentation
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Abstract

Object detection in low-resolution images is often vulnerable to noise and results in performance degradation when
relying only on traditional object detection algorithms in industrial applications due to low image quality. In order to
solve this problem in this paper, the knowledge distillation-based GAN (Generative Adversarial Networks) algorithm is
applied to convert high-resolution image data such as rotation, size, inversion, resolution, etc. and generation. In
addition, we study a method of detecting and tracking a specific object using U-Net based on the Saliency
mechanism for the generated data. Through comparative analysis experiments with existing detection methods, it was
verified that the proposed method provides higher accuracy and robustness in low-resolution images. As for the
experimental approach, the performance was evaluated in three open data sets related to industrial detection, and it
was confirmed that the mAP was improved by more than 5% compared to the existing method.
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