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Background

● Landslides often occur suddenly, posing a 
significant hazard for people and 
infrastructure.

● Known landslide triggers include changes in 
vegetation cover, significant rainfall, and 
earthquakes. However, how these processes 
interact is not well understood.

● Existing catalogs of landslides are scarce and 
have poor temporal data. 

● Objective: create an automated workflow for 
landslide detection using a UNet 
architecture. 

Methodology

● Landslide source and deposit, bedrock 
geology, precipitation, slope, and elevation 
data was collected. 

● Data was transformed into the correct 
coordinate reference system (EPSG:36210).

● Redundant data features were removed (i.e. 
unit age and rock type), the data was 
parameterized using one-hot encoding.

● The data was 
transformed into a 3D 
matrix of (x, y) 
coordinates and feature 
values, then segmented 
into smaller matrices as 
to resemble images.

● A UNet architecture (a 
type of CNN) was 
trained on using sparse 
categorical 
cross-entropy loss. 

Preliminary Results

● The model is able to preserve spatial information, 
which is critical for output analysis and mapping.

Interpretations & Next Steps

● The model is still in the 
preliminary stages of 
training and 
hyperparameter 
tuning, but has 
reported an accuracy 
of 93% and a loss of 
0.12.

● However, the previous 
runs accidentally 
included small 
portions of the test 
data, which would 
boost the overall 
accuracy of the model.

● Despite the current flaw in the methodology 
that incorporates some test data into the 
training set, the metrics indicate that the 
model architecture is well suited to this kind of 
spatial data.

● Hopefully with higher resolution data, the final 
model will have similarly high accuracies to the 
preliminary model.

● Next steps include streamlining the data 
extraction process, retrieving higher resolution 
data from the original shapefiles and rasters, 
and retraining the model and correcting the 
error that includes some test data into the 
training set.
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