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estimation system with deep learning to provide real-time, intelligent navigation—increasing walking speed, safety, and independence for the visually impaired. e Experimental Setup: Indoor and outdoor navigation experiments were conducted using a drone positioned nearly perpendicular to the

participant to track movement in real-time.
e Data Processing: Footage from the drone was processed using OpenCV, with distances scaled to real-world measurements for accuracy.
e Participant Setup: The course was undisclosed to participants, and all used a white cane identical to the base of the IntelliCane.
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