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Summary: In this study, we have attempted to build a dataset of images captured using infrared cameras to detect humans.

Detecting the location of victims as soon as possible in mountainous regions and other disaster sites at night is required for the

rescue teams. Therefore, we have considered creating a dataset using the infrared camera images of a human in mountainous

regions. In addition, the effectiveness of the YOLOvV3 and Tiny-YOLOV3 object detection has also confirmed.
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