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Objective

Data Preparation

 Design an end-to-end workflow that
handles everything from data

preprocessing to training a model, Select vour tile size & data resolution
while allowing the user to choose 16
parameters using buttons & v J% I>T @
dropdown menus, etc. - 64
* A step-by-step guide explaining how 256

& why to adjust the parameters will T T .
be provided alongside the code Select your aata resoiution
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Sample Applications

* Automatically identifying hurricanes in satellite imagery
* Determining crop types
* Mapping roads

* Finding fault scarps




HOW DOES IT WORK?




The Workflow

* The code is written in Python in a Jupyter Notebook
(code cells that can be run individually, similar to using

%% for sections in MATLAB)

* Qutputs of each cell are visible beneath the cell

¥ Add Data

Upload your data

Features

Features are the inputs the model learns in order to predict a mask. For example, if you want to predict the land cover of a region, a feature may be soil type.

Make sure to input all of the files you want to upload at once.
If you plan to re-run this workflow with the same data, you can expand the cell and and the paths to the value parameter, which sets a default value. For example, value =
'...data/featurel.tif,...data/feature2.tif".

Mask

A mask define the output the model learns to predict. For example, if you want to predict the land cover of a region, the masks would be polygons representing the land cover types.

As of right now, this workflow only supports the ability to predict a single mask.
You can only upload a single file.
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Input Feature Paths

Features: | ../chile_data/alos_nova_
friburgo_5m.tif,../chile
_data/2328825_2011-08-
13_RE1_3A_Analytic.tif|

< This is what it looks like!
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A CASE STUDY

|dentifying Landslides in Brazil



Area of Interest Bounds Defined by the Convex Hull of Mask Polgyons
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Input Data

Hyperspectral

* 5m resolution digital elevation model
(DEM)
 RapidEye hyperspectral data (5 bands)

* Red, Green, Blue, Red Edge and e
Near Infrared N A
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The tiles of the bounds
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Results

* While final testing with this dataset has not been completed yet, the results of the model
will resemble this figure

 This figure is taken from Xu et al. (2022) who used a similar method to produce predicted
masks of the landslides

« We aim to benchmark our results against this dataset and others
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Next Steps

* Finalize model parameterization and architecture

 Use an updated architecture that can process data with a large class imbalance and
few training samples

 Benchmark results on existing datasets (Brazilian landslide data from Xu et al., etc.)

* Find some beta testers!
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