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ABSTRACT

To achieve autonomous driving, various sensors such as cameras, lidar, and radar are used to accurately
perceive the surrounding environment. However, processing information from these multiple sensors for situational
awareness requires significant costs, computational power, and introduces high latency. This poses practical
challenges for real-time implementation in autonomous driving systems that require on-the-edge computing.
Especially, research is actively underway to perform situation awareness using only cameras, without utilizing
lidar or radar sensors that generate extensive 3D point cloud data. In this study, we explored ways to optimize
the performance of Monocular Depth Estimation, a method that derives 3D information of the surrounding
environment using only a single camera. We particularly focused on optimizing this approach by utilizing
classical data augmentation techniques, proposing synthetic data augmentation methods, and employing appropriate

loss functions to achieve the best results.
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Table. 1. Performance Results by Data Augmentation.
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