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Model demo and re-training available at:
https://github.com/catherine-m-breen/snowpoles
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To set up the model for the demo and all remaining scripts, we want to make sure we have the right Python
environment. To do so, download the github folder, navigate to the folder in your command line, then run the
following to install the appropriate packages for the model.

Model demo

We recommend starting with the demo script to ensure proper folder, model download, and conda environment
set-up. For the demo, run the following line after navigating to this folder in your command line. The script is set-
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sites in Washington state. We Results

demonstrate that, especially when The initial model, the CO-model, performed well on Colorado images but poorly on the Washington images (Table 1; Fig. 2),
but when fine-tuned on images from Washington, accuracy improves (Fig. 3; Figure 4). Shadows and patchy snow increase

trained using a subset of site-specific arror
data, a keypoint detection model can
accelerate snow pole automation. This
algorithm brings the hydrology

Because the model was trained on data in Washington and Colorado, the accuracy on your data for the model
"off the shelf" may be lower than what we reported in the paper. To obtain better accuracy, we recommend

fine-tuning the model (more on that below). If you'd like the model off the shelf, you can skip right to step 3
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for four different models.
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