
Summary

Current approaches for extracting snow 

depth from snow poles typically rely on 

time intensive manual photo 

processing. We present a method that 

uses a keypoint detection model to 

automatically observe snow height 

across a network of sites trained on 

2021 SnowEx images. To assess model 

generalizability, we tested the model on 

sites in Washington state. We 

demonstrate that, especially when 

trained using a subset of site‐specific 

data, a keypoint detection model can 

accelerate snow pole automation. This 

algorithm brings the hydrology 

community one step closer to a 

generalized snow pole detection model, 

and we call for a future model that 

integrates across time‐lapse images 

from additional locations.

Objectives

1. Assess keypoint model ability for 
snow depth extraction on 2021 
SnowEx data in Colorado (Fig. 1).

2. Assess for factors that influence 
model accuracy, establishing best 
practices for model success. 

3. Fine tune model using images from 
timelapse camera network in 
Washington, identify number of 
images required for +/- 5 cm 
accuracy.  
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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 
error.
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Fig. 1. Example image from Colorado (left) and 
Washington (right) show differences in lighting 
conditions and ecosystems. 

Train model on 
90% of

2021 SnowEx 
Colorado 

Images 

Test model on 
Colorado and 
Washington 

images

Fine-tune model 
using subset of 

Washington 
images

Evaluate for 
improvement in 
accuracy with 

additional 
training data

w/ GPU w/ CPU

•  A keypoint detection model to 

automate snow depth measurements 

can achieve a mean absolute error 

(MAE) equal to 1.14 cm when trained 

on sites of interest.

• Model shows accuracy for snow depth 

both in and out of canopy locations 

and throughout the winter season.

• When “fine-tuned” using 10 images 

per camera, the model achieves 

accuracy within 4 cm on a novel 

network comprising 12 cameras. 

• Fine-tuning can occur with CPU, and 

codebase is available on GitHub. 

Fig. 3. Increasing images in fine-tuning step increases 
accuracy of model on novel data. 

Fig. 4. Fine-tuned model can achieve accuracy of 3.98 cm 
(R2 = 0.96) on novel data.

Fig. 2. Blue dots represent actual top and bottom 
locations, the red dot represents the predicted top 
and bottom point. (a) Shows Colorado site and (b) 
Washington site when the model is trained only on a 
90% random subset of Colorado data. Row (c) shows 
that when a subset of WA images is included in 
training (i.e., the fine‐tuned model), the model 
improves prediction of top and bottom. 

Table 1. Model, epoch, training size, region, and metrics 
for four different models. 
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