Geological Sciences

UNIVERSITY OF COLORADO BOULDER1

Oregon State
University,

We combine Snotel and lidar information using machine
learning to create a daily snow depth validation dataset
that has a larger spatial footprint than Snotel alone

Machine learning framework

Target Variable

Motivation: validation datasets are flawed

il Butte Snotel - 2024
—— Snotel
1.2 -|—— Lidar dates
E <— Snotel
g 08 .
£ Temporally continuous
2 06F . ..
o
8 onl Spatially limited
02
. M ]
Oct Nov Dec Jan Feb  Mar Apr May Jun Jul
1 2
-— |idar
High resolution
Watershed scale
Lidar SD (m) Temporally limited
@ Butte Snotel
East River Basin

Tra

ining Data

50 m Lidar SD relative to Snotel

<+—

e 50 ()|

‘true’value

—
| Variables which

control snow
distribution

1:n flights

Physiographic Data

1:n variables

Elevation
Lat./long.
Northness
TPI

Vegetation

Dist. to snotel 02

Dynamic Data

Snow depth (m)
o
8

[
Oct Nov Dec Jan Feb Mar Apr May Jun

Snotel SD
MODIS fSCA
Day

Days to melt
Med. SWE

Train random forest using
data for each 50 m pixel

Use training data from left out
flight to predict SD at each 50 m pt
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' predicted grid value is closer to
the lidar value than snotel

Local model

Trained and tested on data from one Snotel
site (one flight withheld for validation)

Regional model

Trained on all coincident Snotel-lidar
data except for data from the test site

Tests the importance of local lidar information on model success

Main result: random forest halves RMSE compared to Snotel at 4 km scale
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Random forest results and lidar data have been aggregated to the 4 km UA SWE (Broxton et al., 2016) grid.

Goal: estimate daily show depth at 50 m resolution
surrounding Snotel sites using a random forest model.
The output data can be re-gridded to match any target grid
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Sites and data:

« Colorado 2018-2024

« 14 watersheds

- 68 ASO lidar surveys

« 48 Snotel stations

« 197 coincident lidar-Snotel
points
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Model results at the 50 m scale
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« Model reproduces 50 m snow patterns at most sites
- Local model outperforms regional model

Timing of training data impacts model success

April trained, April tested

RMSE decreases with more flights used in
training. Most impactful for first 3 flights

May trained, May tested
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Takeaways:

+ Our framework is an improvement over validation with Snotel or UA SWE

+ Local lidar information increases model performance relative to a regionally trained model
* Model performance improves with more lidar data (mostly from 1-3 flights)

» Model performance slightly deteriorates with spatial scale
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