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UAVs and AI for Very High Resolution Map Creation and Automatic Object Detection

Abstract

Automation of  object detection and extraction from VHR aerial imagery for high definition mapping
is significant challenge for various remote sensing and photogrammetry applications. This study
investigates the use of Unmanned Aerial Vehicles (UAVs) and Deep Learning models to enhance the
traditional, manual methods and increase accuracy and efficiency of spatial data acquisition and
processing. The dji Mavic 3 UAV was used to capture high-resolution aerial images over a 128 hectare
area in town Tsageri and village Chalistavi, located in the Racha-Lechkhumi and Lower Svaneti region,
Georgia.
One of the main objective of this research was to detect and extract building footprints from generated
orthomosaics using deep learning techniques. The Mask Region-based Convolutional Neural Network
(Mask R-CNN) was employed for this task. To further improve the model's performance, Digital
Elevation Models were integrated with the orthomosaics, resulting in a four-channel raster that
provided additional topographical context for more accurate building extraction.
The findings indicate that the integration of Unmanned Aerial Vehicles and Deep Learning technics
offers significant improvements in acquisition and processing efficiency of geospatial data. Namely, we
were able to create VHR orthomosaics with spatial resolution of 3.2 cm using dji Mavic 3 UAV. Trained
Mask R-CNN model  showed 92% precision  for  building  prediction  in  the  study area.  Methods  and
technics described in this paper have important implications for various applications, including land
administration, infrastructure development and environmental management. Methodology used in
present study provides a valuable framework for future researches and practical applications, especially
in such developing and mountainous countries as Georgia, where high-resolution and accurate spatial
data is often unavailable due to complex environmental conditions and economic factors.
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