MAPPING OF GEOLOGICAL FRACTURES: A CNN APPROACH
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- -e Natural fractures can create permeable fluid pathways that are important for geo- ; UNIL | Universite ge Lausanne
. energy applications such as CO, sequestration and geothermal projects [1]. '
e Drone and LiDAR-based acquisition methods produce high-resolution 2D dataq,
. suitable for detailed fracture mapping [2].
. e Manual and semi-automated fracture mapping is time-consuming and susceptible
* . tointerpreter bias [3].
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. : Can we use deep learning (Convolutional Neural Networks) to intervention reqired;

Accurate: Results closely
match real fractures and
unaffected by interpreter bias.

automate 2D fracture mapping for quick and accurate results?
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