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Complex topography in mountain basins allows deep snow accumulation in depressions 

throughout the winter season. During the melt period, snow on exposed terrain disappears faster, 

leaving behind a patchy mosaic of lingering snow cover. These persistent snow patches help 

sustain late-season streamflow during the drier summer months. In this work, we explored 

methods to observe heterogeneous snow cover in a complex subbasin in the Sierra Nevada, CA, 

using Planet Labs, Inc. 3 m resolution commercial optical satellites and an existing random forest 

model (Yang et al., 2023). Here, we tested two different model training configurations and a 

spatio-temporal post-processing approach to improve snow mapping throughout the season for 

three separate years, paying particular attention to snow in forested areas. We used lidar only for 

evaluation so that the methods used can be applied anywhere. The new model training approach 

https://www.zotero.org/google-docs/?uX57tI


with temporal post-processing and the new spatio-temporal post-processing approach, showcased 

better results than prior methods, and achieved F1 scores of 0.86 and 0.88 in the forest, 

respectively. We then compared basin-wide snow-covered area from the 3 m resolution snow 

maps with the Moderate Resolution Imaging Spectroradiometer (MODIS) Snow-Covered Area 

and Grain Size (STC-MODSCAG) product (Rittger et al., 2020), which is coarser resolution but 

more readily available. They compared well, but on average our snow maps reported snow 

disappeared over 3 weeks later than STC-MODSCAG, and STC-MODSCAG missed ~303,000 

m2 of snow cover that the PlanetScope snow maps identified. Our results demonstrate the 

capability of high-resolution imagery for detecting snow patches relevant for ecology and the 

potential for improved snow cover mapping in forested basins using the model training methods 

or the spatial post-processing methods introduced in this work. 
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1. Introduction 
 

The western U.S. coastal mountain ranges (e.g., Sierra Nevada, Cascades) are wet in the 
winter and dry in the summer. Spring snowmelt feeds tributary streams, controlling groundwater 
table levels (Lowry et al., 2010), and the date of snow disappearance dictates the vitality of 
meadow ecosystems and phenology timing in the drier months (Breckheimer et al., 2020; Sethi 
et al., 2020;  Theobald et al., 2017). Heterogeneous snow cover generally extends the snowmelt 
period compared to an equivalent uniform snowpack, playing a significant role in water retention 
for seasonal snow-dominated catchments (Williams et al., 2009), and modeling efforts have 
supported this when simulating late-season streamflow at basin scale (Brauchli et al., 2017; Luce 
et al., 1998; Lundquist et al., 2005; Lundquist and Dettinger, 2005; Sexstone et al., 2020; 
Seyfried and Wilcox, 1995). Consequently, understanding patterns of fine-scale (<10 m) snow 
distribution is important for studies of subbasin scale hydrology and ecology.  
 Snow cover extent has been observed with remote sensing since the 1970s. Optical snow 
cover mapping typically exploits the differences in a pixel's spectral reflectance in the green 
band, where snow is bright, and the short-wave infrared (SWIR) band, where snow is dark. 
Initial efforts to produce binary snow cover maps with this method calculate the normalized 
difference snow index (NDSI) and follow a rule based approach to label pixels ‘snow’ or ‘no 
snow’ by thresholding this index (Dozier and Marks, 1987; Gascoin et al., 2019; Hall et al., 
1995). Spectral mixture analysis was developed as a method to obtain subpixel information by 
inverting multispectral data, addressing the need for more detailed information on snow cover  
(Adams et al., 1995; Mertes et al., 1993; Nolin et al., 1993; Okin et al., 2001; Roberts et al., 
1998). Snow cover can be derived from satellite imagery surface reflectance products like 
NASA’s Moderate Resolution Imaging Spectroradiometer (MODIS), NOAA’s Visible Infrared 
Spectroradiometer Suite (VIIRS), and NASA’s recent Harmonized Landsat Sentinel-2 (HLS), 
but these products are not capable of capturing snow cover at fine spatial scales (<10 m). For 
example a snow cover and grain size product derived from MODIS, called the Snow-Covered 
Area and Grain size (MODSCAG), is a spectral unmixing product that provides near-daily data, 
but with a spatial resolution of ~500 m (Painter et al., 2009). Conversely, airborne light detection 
and ranging (lidar) instruments can detect snow distribution patterns caused by fine-scale 
processes like wind distribution and vegetation influences (Currier et al., 2019; Mazzotti et al., 
2019), but they are costly and only flown in select basins, unable to observe the temporal 
evolution of snow throughout the melt season. 
 Raw near-daily snow cover observations from satellites are influenced by sensor noise, 
sensor viewing angle, cloud cover, shadows, image artifacts, and canopy interference. Despite 
these limitations, observations over time can facilitate better estimates of snow conditions 
through filtering, smoothing, and interpolation (Dozier et al., 2008). These post-processing 
methods address sporadic fluctuations in snow cover well, but canopy cover still remains a major 
challenge (Raleigh et al., 2013; Rittger et al., 2013). Products like the Spatially and Temporally 
Complete MODSCAG fSCA (STC-MODSCAG) product (Rittger et al., 2020) apply spatial 
post-processing methods that factor in the viewable gap fraction (VGF) and viewing angle to 
adjust snow cover estimates from pixel retrievals that are affected by canopy. Despite the 
significant improvements with spatially and temporally adjusted products, ~500 m is likely too 
coarse to represent ecological scale processes.  

Over the past decade there has been an emergence of fine-resolution optical satellite 
imagery with near-daily observations made available by commercial companies. Recent efforts 

https://www.zotero.org/google-docs/?ln815N
https://www.zotero.org/google-docs/?EJuF1b
https://www.zotero.org/google-docs/?EJuF1b
https://www.zotero.org/google-docs/?oIAV6Q
https://www.zotero.org/google-docs/?RS41sj
https://www.zotero.org/google-docs/?RS41sj
https://www.zotero.org/google-docs/?RS41sj
https://www.zotero.org/google-docs/?g5hWGd
https://www.zotero.org/google-docs/?g5hWGd
https://www.zotero.org/google-docs/?jnAdVO
https://www.zotero.org/google-docs/?jnAdVO
https://www.zotero.org/google-docs/?W6HcGM
https://www.zotero.org/google-docs/?WZwxi9
https://www.zotero.org/google-docs/?oGFi2F
https://www.zotero.org/google-docs/?dJm1Cz
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have leveraged machine learning algorithms with this imagery to create binary snow cover maps 
(Cannistra et al., 2021; Hu and Shean, 2022; John et al., 2022; Kiewiet et al., 2022; Pflug et al., 
2024; Wang et al., 2025; Yang et al., 2023). Research has shown Planet Labs Inc., PlanetScope 
(PS) 4-band multispectral imagery (red [R], green [G], blue [B], and near-infrared [NIR]), can 
capture snow patterns at 3 m resolution, and resolve the date snow disappears on average within 
3 days (Pflug et al., 2024), both scales relevant for ecology.  

In this work, we explore methods to observe heterogeneous snow cover at fine scales in a 
basin with complex topography through 1) an evaluation of two model training methods and 
spatial and temporal post-processing with PS imagery and 2) a comparison with the STC-
MODSCAG fSCA product, with the specific objective to quantify snow covered area (SCA) in a 
small basin, while paying particular attention to forest areas. We want to better understand the 
advantages of using PS imagery in a complex basin for ecology purposes. We hypothesize that 
snow detection accuracy in the forest can be improved during the model training stages by 
segregating forested and non-forested pixels. Given the fine resolution of PS imagery, we 
hypothesize that snow cover information in small forest gaps can be used to interpolate snow 
under canopy cover as an alternative means to address optical imagery limitations in forests. 
Lastly, we hypothesize that PS maps can identify late-season, heterogeneous snow that drives 
summer streamflow, while a coarse-resolution product cannot. Using four-band information (R, 
G, B, and NIR) from PS high-resolution optical satellite images, 3 m airborne lidar snow depth 
maps, the STC-MODSCAG product, and a random forest model, we test the following questions: 
 
1. Can we segregate non-forested and forested pixels when training machine learning models to 
improve snow cover estimates in forested domains? 
2. Can we apply automated spatial and temporal post-processing to PS snow cover maps to 
improve snow cover estimates in forested domains? 
3. How well can we measure late season snow cover with PS snow maps and STC-MODSCAG? 
 
2. Background on high-resolution snow mapping 
 

Recent efforts to map fine-scale snow cover investigated different machine learning 
models, model training techniques, and model performance for different land cover conditions 
and domains  (Cannistra et al., 2021; Hu and Shean, 2022; John et al., 2022; Pflug et al., 2024; 
Yang et al., 2023). Cannistra et al. (2021) successfully created 3 m resolution snow maps using a 
convolutional neural network (CNN) and the visible and NIR bands provided by PS. This model 
was trained using lidar-derived snow cover labels for 370 million pixels. They showed a slight 
decrease in model performance when testing model transferability across climatically different 
regions. Aside from minimal transferability limitations, they also determined model issues in 
identifying snow within canopy cover, achieving mean F1 scores of 0.76 in non-forest regions 
and 0.57 for forested regions in the Tuolumne basin, where the model was trained in. Building 
on Cannistra's work, John et al. (2022) used the same CNN model with PS imagery, but 
augmented the model features to include topographic and vegetation information from a 3 m 
Digital Elevation Model (DEM) and Canopy Height Model (CHM). They found that vegetation 
information like Normalized Difference Vegetation Index (NDVI) improved the model 
transferability more than DEM information like northness, slope, and aspect. Although these 
models performed well, neural networks need a significant number of training pixels, requiring 
efficient labeling methods. Thus, both studies used lidar-derived binary snow maps for training 

https://www.zotero.org/google-docs/?W0NEOb
https://www.zotero.org/google-docs/?W0NEOb
https://www.zotero.org/google-docs/?3gylIK
https://www.zotero.org/google-docs/?3gylIK
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labels. This approach introduces lidar and auxiliary datasets (DEM and CHM) and limits the 
number of PS scenes the model is trained on, consequently restricting the range of image 
conditions the model is exposed to during training. 

To address training grievances that accompany deep learning models, Hu and Shean 
(2022) used a less complex Random Forest (RF) model. With this model trained on ~400,000 
training pixels and Maxar WorldView-2 and WorldView-3 imagery, they tested the optimal 
input configuration to create land cover maps, detecting snow, shaded snow, vegetation, water, 
and exposed ground. When using a RF model, the information from neighboring pixels is not 
used in the pixel-wise classification. This feature is particularly important for identifying pixels 
in the open that represent late-season snow patches with high spatial variability (Lu and Weng, 
2007). Hu and Shean (2022) showed that the RF model had the highest accuracy for bright snow 
and vegetation classes. They also suggested that feature class expansion (more and narrower 
classes), with distinct spectral signatures, could improve model performance.  

Yang et al. (2023) also used a simple RF model but with PS imagery to map snow cover 
in montane meadows throughout the season. This model was trained on one PS image with 
manually labeled pixels for training. Although less sophisticated and computationally expensive, 
the RF model outperformed a CNN-based method and showed good transferability across four 
different study sites. Yang et al. (2023) found model problems with canopy interference, mixed 
pixels, and shadows, and showed that the PS SCA is more accurate in larger forest gaps (15 m < 
to < 27 m), and areas farther away from the canopy edges (> 10 m). Yang et al. (2023) suggested 
that including several images in the training data to represent different seasons, terrain shadows, 
and different sensor instrument types may improve the model. Pflug et al. (2024) addressed this 
suggestion and manually labelled pixels from several images throughout the season to create 
snow cover maps to reconstruct snow water equivalent (SWE). Pflug et al. (2024) also employed 
temporal post-processing using a 3-observation moving window to adjust for incorrect snow 
predictions related to viewing angles and image artifacts. 
 
3. Study domain and data 
 
3.1 Study domain 
 

The Tuolumne watershed benefits from rich field and airborne data collections and has 
been studied extensively (Henn et al., 2018b, 2018a; Lundquist et al., 2005, 2003; Lundquist and 
Dettinger, 2005; Pflug and Lundquist, 2020). Winter precipitation falls in the form of snow and 
melts in the warmer months, feeding the Tuolumne River. Within the Upper Tuolumne 
watershed, there are 6 tributaries that feed into the Tuolumne Meadows, one of the largest sub-
alpine meadows in the Sierra Nevada. We focus specifically on the Budd Creek basin, a 
relatively small north-facing basin ranging from 2,607 m to 3,389 m in elevation and covering 
7.57 km2. Lodgepole Pine is the dominant tree species, and 33% of the basin is covered by 
canopy cover and the rest of the basin is exposed granite (Cooper et al., 2006). All of the 
contributing tributaries dry prior to the end of the summer, but Budd Creek sustains the longest 
streamflow, often flowing a month or two later than the other tributaries (Lundquist and Flint, 
2006). 

https://www.zotero.org/google-docs/?alULWt
https://www.zotero.org/google-docs/?alULWt
https://www.zotero.org/google-docs/?c8JTSq
https://www.zotero.org/google-docs/?c8JTSq
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Figure 1. (a) Study domain, Budd Creek Basin (white outline). Examples of complex topography in 
Budd Creek Basin characterized by (b) fissures, (c) deep depressions, and (d) steep backwalls. 

 
This late-season, sustained streamflow is the result of accumulating snow in complex 

topography and the reason behind choosing this study site. With deep fissures and fine-scale 
depressions, snow remains in these complex features longer than the surrounding exposed 
snowpack. These lasting snow piles impact late-season streamflow in Budd Creek by prolonging 
low flow conditions. Most satellites cannot capture snow in the fissures and depressions, which 
impact modeled snow depth, melt, and routing.  

Our investigation covers 1 April to 30 September in 2020, 2022 and 2023. Both 2020 and 
2022 were relatively average snow years, while 2023 was a record high snow year for the Sierra 
Nevada. PS imagery from 2020 were from the two earlier generations of sensors, so we included 
this year to understand if there are any limitations to sensor type with these methods. The latter 
two generations have more similar alignment in wavelength ranges for each band, but the bands 
in the earliest generation have less distinct separation (Frazier and Hemingway, 2021). More 
information on wavelength bands and band separation is described in Yang et al., 2023; Section 
2.2.1. 
 

https://www.zotero.org/google-docs/?eRDBV6
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3.2 Data products 

Table 1. ASO (lidar) ID, lidar acquisition date, fraction of snow cover in Budd Basin from lidar, 
PlanetScope ID, and PlanetScope sensor generation used for evaluation. 
 

We downloaded PS imagery acquired between 1 April and 30 September for 2020, 2022, 
or 2023, that covered over 95% of the Budd Basin domain and had less than 5% cloud coverage. 
We used PS’s 4-band orthorectified and radiometrically corrected Surface Reflectance product. 
This product has been corrected for consistency in space and time with atmospheric conditions. 
Most of the scenes processed were from the latest generation, PSB.SD, available from mid-
March 2020 to current time. More information on PS imagery and image quality qualifications 
can be found in Supporting Information (Text S1). 

For each year, repeat ASO lidar flights are conducted from as early as February to as late 
as the end of June. The dates when these flights occur vary from year to year, but within the 
Upper Tuolumne watershed, there are typically 2 to 3 flights after April 1st. These snow depth 
maps have been successfully used as validation for performance assessment of the PS-derived 
snow maps (Cannistra et al., 2021; Yang et al. 2023). Here, we also generated lidar-derived snow 
cover maps for our validation purposes consistent with the previous studies by thresholding the 
snow depth at 10 cm (ASO ID information in Table 1).  

To ensure we only classified pixels with seasonal snow cover, we created and used a 
binary river network mask to remove Budd Lake using the United States Geological Survey 
(USGS) National Hydrography Dataset (NHD) (U.S. Geological Survey, 2024). 

In Section 5.3, we compare our maps against the STC-MODSCAG fSCA product 
(Rittger et al., 2020). STC-MODSCAG is the latest available product from the evolution of snow 
cover observations from NASA’s MODIS, which have increasingly improved snow estimates 
(Hall et al., 1995; Notarnicola et al., 2013; Painter et al., 2009; Salomonson and Appel, 2006, 
2004). Canopy limitations are addressed by using the Viewable Gap Fraction (VGF), calculated 
with the MODSCAG fraction of vegetation (fVEG), and maintaining observation angle 
consistency by only using one sensor. This iteration of MODIS derived snow cover data was 
created by applying smoothing splines in the time dimension to the canopy adjusted fSCA that 
weighs nadir observations higher than off-nadir observations (Dozier et al., 2008). STC-
MODSCAG is the most recent, off-the-shelf, post-processed snow cover product that uses 
smoothing and interpolation. We downloaded the h08v05 tile, which covers California’s Sierra 
Nevada, for 2020, 2022, and 2023 from the NASA National Snow and Ice Data Center (NSIDC) 
DAAC Snow Today (see Data availability statement).   

https://www.zotero.org/google-docs/?xXYkpB
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4. Methods 
 

To create our snow cover maps, we employed three main steps. First, we trained the 
model to generate raw snow cover maps (Fig. 2, Step 1, see Section 4.1). Next, we performed 
systematic post-processing methods to the snow cover maps generated in Step 1 (Fig. 2, Step 2, 
see Section 4.2) to improve SCA under the canopy. Finally, we evaluated both the raw snow 
cover maps and the post-processed snow maps (Fig.2, Step 3, see Section 4.3). 

 

 
Figure 2. Conceptual figure detailing the three main steps in this work, model training, post-processing, 
and evaluation, corresponding to Sections 4.1.1 to 4.3.3. Imagery © 2022 Planet Labs, used under license. 
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4.1 Model training 
 

We tested two different random forest model training approaches, referred to as the Base 
model (Yang et al., 2023; Pflug et al., 2024) (Fig. 2, Step 1.1) and the Composite model (Fig. 2, 
Step 1.2). We used the training methods from Yang et al. (2023) and Pflug et al. (2024) for the 
Base model and trained a single model for the entire basin. We then developed a new model 
training approach, referred to as the Composite model, that applied two separately trained 
models for forested and non-forested pixels. For both approaches, we used the R, G, B, and NIR 
bands, following the methods presented in Yang et al. (2023) and Pflug et al. (2024) to map 
snow cover with 4-band PS imagery. Like Yang et al. (2023), we used the sklearn.ensemble 
RandomForestClassifier and sklearn.model_selection to create the model with 10 estimators, a 
max depth of 10, 3 maximum features, and 1 random state for both the Base model and the 
Composite model. Each of these training techniques are described in the following sections. 
 
4.1.1 Base training 
 
 For the Base training method, we manually selected a training dataset by individually 
labelling 13,000 pixels as snow, no snow, and unobserved using an interactive Matplotlib Python 
tool. Pixels were sampled from 14 PS images from 2022 that exhibited a range of image quality 
conditions (Table 1; Section 3.2). Snow and no snow pixels were labeled from the same 10 PS 
images, and unobserved pixels were selected from the remaining 4 images used in training that 
exhibited high saturation, glare, or other image artifacts. Different from Yang et al. (2023), this 
three-category labeling approach follows the methods of Pflug et al. (2024). 
 
4.1.2 Composite training 
 

Snow in the forest can often have a lower reflectance than snow in the open across the 
red, green, and blue bands (discussed in depth in Section 6.2). To evaluate if training these 
distinctly different categories will lead to better predictions in both classes, we trained two 
different models: one model on forested pixels and one model on non-forested pixels. While we 
do not introduce new classes to a singular model, a technique known as feature class expansion, 
we apply the concept that treating these pixels separately will result in better predictions due to 
different spectral properties between the two groups. Both the forested-trained model and the 
open-trained model were trained using the same 14 PS images from 2022 (Table 1; Section 3.2), 
with the same label categories (snow, no snow, and unobserved), and sample sizes (a total 
13,000 pixels). This method will be referred to as the Composite method throughout. 

Forested pixels were defined by a PS-derived canopy mask. To identify forested pixels, 
we generated an NDVI map in the basin for 15 snow free images and compiled them into one by 
taking the median NDVI for each pixel. We chose images from peak growing season, to best 
represent where canopy cover can exist, but the NDVI values may be impacted by when in the 
growing season these images are collected. We compared median NDVI to canopy height, from 
the lidar CHM (3 m resolution) to evaluate the range of NDVI values to include in the 
mask.  Previous studies mapping snow cover have defined forested pixels as any pixel with 
canopy height over 2 m (Mazzotti et al., 2019; Yang et al., 2023). Based on NDVI to canopy 
height distribution, we found an NDVI of 0.35 roughly corresponded to 2 m (Fig. S1 in 
Supporting Information). Therefore, we threshold the median NDVI, defining any pixel with a 

https://www.zotero.org/google-docs/?3ZhyEt
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median NDVI greater than 0.35 as forested and anything under 0.35 canopy-free. Using an 
NDVI-generated canopy mask can reduce introducing an auxiliary dataset (the CHM) and be 
useful for domains without available lidar.  
 
4.2 Post-processing 
 
4.2.1 Spatial post-processing 
 
 Yang et al. (2023) showed that the RF model had a robust performance for pixels 10 m (> 
3 pixels) away from the forest edge and for pixels in relatively large forest gaps, 15 m to 17 m (5 
to 6 pixels) away from the forest edge. To test our hypothesis that snow cover information in 
forest gaps, made available by high-resolution imagery, can be used to interpolate snow cover in 
forested areas, we employed a hybrid post-processing approach by introducing contextual 
information to a pixel-wise classification (Lu and Weng, 2007) (Fig. 2, Step 2.1). In doing this, 
we applied a 2D convolution to pixels within the canopy mask, testing various neighborhood 
sizes and snow threshold requirements necessary to update a pixel label. The neighborhood size 
dictates the number of surrounding pixels that are considered, and the snow threshold determines 
how many of the pixels in the surrounding neighborhood need to be labeled snow to update the 
target pixel to snow. We used a uniformly distributed smoothing circular kernel. We tested a 
range of radius values for the kernel: 1 pixel (3 m), 3 pixels (9 m), 7 pixels (21 m), 10 pixels (30 
m) and a range of threshold percents between 10% and 60%. Within the scipy.signal Python 
package, we use the convolve2d() function to implement this approach. We ultimately moved 
forward using a radius of 3 pixels and a 30% threshold. This method will be referred to as the 
Base (S) model. The convolution was applied to pixels within the canopy mask, preserving the 
original labels for open pixels. We tested this post-processing technique to the Base model, as an 
alternative method to the Composite model training approach for mapping snow cover in 
forested domains. We made this decision to determine if forest pixels are best addressed in 
model training stages (Composite) or post-processing stages (Base (S)). 
 
4.2.2 Temporal post-processing 
 
 To address fluctuations in snow cover related to sensor noise, image artifacts, shadows, 
canopy effects, and cloud interference, we employ further temporal post-processing to the raw 
model outputs. Examples of these image conditions that impact accurate snow maps can be 
found in Supporting Information (Fig. S2). Snow maps can be treated like three dimensional 
cubes, in which the x and y of each individual pixel in a map can be represented as f(x, y), and 
when maps throughout the season are stacked together, a third temporal dimension is introduced, 
and each pixel can be represented as f(x, y, t).  

We applied automatic temporal post-processing to the Base (S) model and Composite 
model under the assumption that the domain has seasonal snow coverage and minimal spring 
snow accumulation (Fig. 2, Step 2.2). We used a temporal median filter with a 5 observation 
moving window. We then assigned all unobserved pixels in the first time step to be snow and 
any unobserved pixels in following timesteps were set to the value of the previous timestep, an 
approach used by Pflug et al. (2024). Snow cover fluctuations in the forest were likely due to 
varying viewing angles from scene-to-scene while fluctuations of snow cover in the open were 
often related to saturated images (typically earlier in the season), and both were susceptible to 
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cloud coverage throughout the season. We refer to the temporally post-processed maps as Base 
(S+T) (both spatially and temporally adjusted) and Composite (T). 
 
4.3 Evaluation 
 

We evaluated our maps by testing the overall performance using binary performance 
metrics (Fig. 2, Step 3.1, Section 4.3.1). We did this for each of the five versions of maps 
generated (Base, Base (S), Base (S+T), Composite, and Composite (T)). We then performed a 
spatial assessment using distance to canopy edge (DCE) metrics (Mazzotti et al., 2019) to test 
model performance for forest clusters, forest edge, and gaps (Fig. 2, Step 3.2, Section 4.3.2). To 
better understand only spatially related contributions from the methods presented, we tested the 
Base maps, the spatially post-processed Base (Base (S)) maps, and the Composite maps, 
excluding temporally adjusted maps for the DCE evaluation. Lastly, we assessed the raw snow 
maps (Base and Composite) and the temporally adjusted maps (Base (S+T) and Composite (T)) 
and compared them with STC-MODSCAG (Fig. 2, Step 3.3, Section 4.3.3). 
 
4.3.1 Performance metrics 
 

We calculated binary performance metrics for every PS-derived snow cover map that had 
a corresponding lidar flight within 3 days of the retrieval date. Each pixel in the map was 
classified as a true positive (TP), true negative (TN), false positive (FP), or a false negative (FN). 
Pixels classified as snow in both the PS-derived map and the validation ASO flight are TPs. A 
TN is when both the PS-derived pixel and the validation pixel are classified as no snow. Pixels 
classified as snow in the PS derived map but not the ASO flight are FPs (commission), and FNs 
occur when the RF classified pixel is no snow when the validation pixel is classified as snow 
(omission). Using the TPs, TNs, FPs, and FNs we calculated the precision, recall, and F1 score.  

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 = 	
𝑇𝑃

𝑇𝑃 + 𝐹𝑃 
Precision is used to determine how well the model accurately predicts snow. This is the 

number of true snow labels (both the PS and lidar derived snow maps have snow in a pixel) 
divided by all snow pixels (both correctly and incorrectly labeled snow pixel in the PS map). 
Lower precision values are typically a result of higher FP’s or commission errors, meaning 
misclassification labeling snow when the pixel is not snow covered. 

𝑅𝑒𝑐𝑎𝑙𝑙 = 	
𝑇𝑃

𝑇𝑃 + 𝐹𝑁 
Recall is the number of TPs (correct snow labels) divided by the sum of the TPs and FNs 

(incorrectly labeled no snow). While precision quantifies how many of the snow predictions we 
made were true, recall quantifies how many of the actual snow pixels we labelled correctly. 
Lower recall values are typically a result of higher FNs or omission, meaning the model is 
underpredicting snow cover. 

𝐹1	𝑠𝑐𝑜𝑟𝑒 = 	2	𝑥	
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛	𝑥	𝑅𝑒𝑐𝑎𝑙𝑙
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙 

The F1 score synthesizes both precision and recall and is used to evaluate the models 
overall balance of commission errors and omission errors. A higher F1 score implies that the 
model is maximizing precision and recall. In the case that there is no snow on the ground and the 
model reports no snow on the ground (TP=0), this metric is no longer valuable in assessing the 
model. Since all validation maps we used were above 46% snow covered, and all the evaluation 



10 
 

snow maps reported some snow cover, we did not encounter this situation. We provided the 
mean binary performance metrics of the Base, Base (S), Base (S+T), Composite, and Composite 
(T) maps including data from all three years for three general pixel categories; open pixels, 
canopy pixels, and all pixels (Fig. 2, Step 3.1). We used the NDVI-derived canopy mask (Section 
4.1.2) to determine pixel categories. 
 
4.3.2 Performance in forests 
 
 We used the PS NDVI-derived canopy mask (Section 4.1.2) to separate pixels in the 
basin into 8 categories based on DCE (Mazzotti et al., 2019) metrics. We used the same six 
categories as the evaluation methods in Yang et al. (2023), but with two additional categories; 
‘Open’ and ‘Dense Canopy’. The six categories from Yang et al. (2023) were forest clusters (-9 
to -3 m), forest edges (-3 to 3 m), small gaps (3 to 9 m), medium gaps (9 to 15 m), large gaps (15 
to 27 m), and outside forest (27 to 100 m). We considered any pixels in the ‘Open’ category 
(DCE greater than 100 m) to be unaffected by the canopy. While Yang et al. (2023) excludes any 
pixels with DCE < -9 m, on the basis that optical sensors are not suitable for mapping snow 
blocked by dense canopy, we chose to include these pixels to test the ability to interpolate snow 
with dense canopy with the spatial post-processing method.  

Here, we present F1 scores for each DCE category (Fig. 2, Sep 3.2). We did not apply the 
temporal post-processing in the forest evaluation using DCE metrics. This decision was made in 
efforts to understand how the spatial post-processing of the Base model (Base (S)) and the 
segregation of forested and non-forested pixels in training (Composite) affected performance 
compared to the base model.  
 
4.3.3 Comparison with STC-MODSCAG 
 

We then assessed the basin-wide fraction of snow covered area from our post-processed 
maps with the STC-MODSAG fSCA to understand the benefits and drawbacks of using a high-
resolution commercial product to a coarser resolution (~500 m) publicly available, long-term 
product (Fig. 2, Step 3.3). We downloaded the STC-MODSCAG from 1 April to 30 September 
for each year to calculate the basin-wide fraction of snow cover throughout the season 
(https://nsidc.org/snow-today; Rittger et al., 2020). Here, we resampled our PS-derived snow 
maps to match the resolution of STC-MODSCAG, dropping any pixels that partially lie within 
the basin at the coarse resolution. We then used the resampled PS maps to mask the STC-
MODSCAG maps so that both products only included pixels that were entirely within the 
domain bounds. In doing this, we acknowledge that the coarser resolution basin-wide fSCA for 
both products may not cover the entire basin domain and areas along the edge of the basin may 
not be represented. Due to the basin’s relatively small size and unique shape, only 63 coarse-
resolution pixels represented the basin. We used the snow fraction variable in the STC-
MODSCAG dataset for each date we had a corresponding PS scene. 
 
 
 
 
 
5. Results 

https://nsidc.org/snow-today
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5.1 Overall performance 

 
Table 2. Mean F1 score, precision, and recall calculated for dates with available PS imagery and 
corresponding lidar observations in 2020, 2022, and 2023 for each snow mapping method. Each mean 
metric includes 11 observation dates with PS imagery across the three years. (S) refers to spatial and (T) 
refers to temporal post-processing. 
 

We evaluated each model's overall performance in open pixel, canopy pixels, and both 
pixels combined using 11 PS derived snow maps not used in model training and across the 3 
years in this study. In our overall performance evaluation against the available lidar-derived 
snow cover maps, we saw robust and similar performance among all models for the open pixels 
and an increased performance for canopy pixels with post-processing for the Base model and 
Composite model, resulting in an overall increase in performance for the entire basin (Table 2).  

As expected, high omission errors in forested pixels were the sources of uncertainty 
among all methods. This is evident from low recall, and values in the forest averaged about 
~0.16 lower than those in the open. Between the five methods analyzed, the spatially and 
temporally adjusted Base model (Base (S+T)) and the temporal adjusted Composite model 
(Composite (T)) had the highest overall F1 scores for canopy pixels and open pixels, achieving 
mean F1 scores of 0.91 and 0.90, respectively, for all pixels. The Base (S+T) model and the 
Composite (T) model improved mean F1 scores for forest pixels the most by 0.11 and 0.09, 
respectively.  

The Base (S) model also performed better than the Base model in the forest, and 
improved mean F1 scores by 0.05. Additionally, the performance of the Base and Base (S) 
models is identical for open pixels because the spatial post-processing is only applied to pixels 
within the canopy mask. Lastly, we emphasize binary metrics do not entirely capture the utility 
of temporal post-processing, since they are derived from a handful of snapshots throughout the 
season, but they provide a general understanding of how the model performs (more on this in 
Section 6.4).  
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Figure 3. (a) F1 scores for pixel classes derived from distance to canopy edge (DCE) metrics for the Base 
model, the spatially post-processed Base model (Base (S)), and the Composite model. These metrics 
include maps generated from PS scenes with corresponding lidar flights for 2020, 2022, and 2023. The 
red dots represent the mean F1 score for each class. The boxplot shows the median (horizontal black line; 
median values listed in Supporting Information, Table S1) and range of F1 scores for each class. Concept 
from Yang et al. (2023). (b) scatter plot of Base median F1 scores to Base (S) (circle) and Composite 
(diamond) median F1 scores for each DCE class. Colors on (a) and (b) correspond to DCE category. 
 
5.2 Evaluation of SCA over open and forested areas 
 

To better understand model performance across space and with respect to canopy cover, 
we grouped pixels according to the DCE and calculated the F1 score (Fig. 3). Both the Base (S) 
model and the Composite model showed increased model performance for dense canopy, forest 
cluster, and forest edge. The most notable improvements with the Base (S) maps and the 
Composite maps are in the forest cluster category, achieving median F1 scores of 0.87 and 0.90, 
respectively, while the Base model performed relatively poor with a median F1 score of 0.81 
(Fig. 3b and Table S1). Similarly, both the Base (S) model and the Composite model performed 
well in the forest edge category, achieving median F1 scores of 0.92 and 0.94, respectively. 
While both also performed better in the dense canopy, they had poor performance and achieved 
median F1 scores of 0.70 and 0.75 for Base (S) and Composite, respectively. 

All models performed well for all pixels greater than 3 m away from the canopy. For 
these categories, the models were more consistent, showing a smaller spread of F1 scores (Fig. 
3a). Median F1 scores for any pixels outside of the forest (the outside forest and open categories) 
were the same for the Base and the Base (S) model because the spatial component of the post-
processing was only applied to forested pixels. While all models had robust performance for the 
two open classes, the Composite model did show slightly higher performance, with a median F1 
score that was 0.02 higher, but this was within the noise levels. 
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Figure 4. Examples of snow cover distribution for PlanetScope-derived snow maps on 01 June 2023 with 
insets zoomed in on a forested area in the basin. PlanetScope false color image of Budd Basin on 01 June 
2023 (left column) (Imagery © 2023 Planet Labs) with inset bounding box (back outline). Inset with 
snow cover (light blue) overlaid on PlanetScope false color image (top row) with fSCA labelled (left to 
right): lidar-derived, Base model, Base (S) model, Composite model. Bottom row insets (left to right): 
PlanetScope false color image, Base and lidar-derived difference map, Base (S) and lidar-derived 
difference map, composite and lidar-derived difference map. For the difference maps, blue represents 
false negatives (FN), red represents false positives (FP), and cream represents true negative and true 
positives (both PlanetScope snow maps and lidar-derived snow maps). 
 

The Base (S) model addressed incorrectly labeled no snow pixels that were spatially 
distributed amongst correctly labeled pixels as well as mislabeled pixels that were located on the 
edge of false negative clusters well (Fig. 4). Clusters of false negative pixels were less dense for 
the Composite model than both the Base and the Base (S) model. False negatives, omission 
errors, were the dominant source of uncertainty in snow maps from 01 June 2023, and this was 
similar to the other maps used in the evaluation process. We found commission errors for all 
models were minimal in the forest (Fig. 4) but occasionally occurred in the open where there 
were steep slopes and bare rocks that have high reflectance (Supporting Information, Fig. S3). 
This could be a result of band alignment-related image quality conditions due to abrupt changes 
in elevation, which is a known issue with PS imagery (Planet Team, 2022). 
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5.3 Comparison with coarser resolution STC-MODSCAG 
 

 
Figure 5. Comparison of resampled PlanetScope-derived Budd Basin fSCA (circle marker) and 
resampled lidar-derived Budd Basin fSCA (diamond marker) to the STC-MODSCAG fSCA. The four 
snow mapping methods using PlanetScope imagery compared are the Base model (top left), the Base 
(S+T) model (top right), the Composite model (bottom left), and the Composite (T) model (bottom right). 
Marker color corresponds to the day and month of the water year. All PlanetScope derived maps and 
lidar-derived snow maps from 2020, 2022, and 2023 with the corresponding STC-MODSCAG map are 
shown. The last acquisition date in the PS data is 29 September. 
 

We saw general agreement between PS-derived fSCA values and corresponding STC-
MODSCAG fSCA values from all images evaluated in 2020, 2022, and 2023 (Fig. 5). Among 
the aggregated 264 available dates with PS and STC-MODSCAG, we have 9 days with lidar 
observations and STC-MODSCAG, spanning a basin-wide fSCA of 98% to 44%.  

The raw Base snow maps and the STC-MODSCAG fSCA had the largest deviation from 
the 1:1 line, with several PS fSCA reporting comparatively high values (Fig. 5, top left panel). 
This was then corrected in the Base (S+T) maps (Fig. 5, top right panel). Early in the season, 
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when the basin was greater than ~90% snow-covered, there were several dates when PS maps 
identified nearly 100% snow cover while STC-MODSCAG did not (Fig. 5, top left panel). This 
was likely the result of over saturated pixels and image conditions like blooming, which was also 
corrected for with the spatial and temporal post-processing. The temporal adjustments on the 
Composite maps were less extreme, but the raw composite maps experienced fewer extreme 
fSCA values (Fig. 5, bottom row). The Base model had a mean 4.2% +/- 8.1% fSCA difference 
and the Composite model had a 2.6% +/- 5.0% mean fSCA difference. The Base (S+T) model 
and the Composite (T) model agreed most with the STC-MODSCAG fSCA and had mean 
differences of 1.6% +/- 3.8% and 2.0% +/- 3.7%, respectively. 

 
Figure 6. (a) 2022 basin-wide fSCA timeseries from the Base model (dark blue), Base (S+T) model (light 
blue), the Composite model (red), the Composite (T) model (pink), and the STC-MODSCAG (black). 
Markers indicate fSCA retrievals. Dark grey marker represents ASO (lidar-derived) fSCA retrievals. Inset 
shows snow disappearance timeframe within the basin. Vertical dashed lines on 06-27 and 07-21 indicate 
the date of snow disappearance for STC-MODSCAG maps and PS maps, respectively. (b) PlanetScope 
red, green, and blue image on 27 June 2022 (PS ID: 20220627_182341_54_2495) (Imagery © 2022 
Planet Labs), the melt out date for STC-MODSCAG in Budd Basin. 

Table 3. The spatially and temporally complete Moderate Resolution Imaging Spectroradiometer Snow 
Covered-Area and Grain Size (STC-MODSCAG) Date of Snow Disappearance (DSD) and the Median 
DSD for the Base snow maps, the spatially and temporally post-processed Base (Base (S+T)) snow maps, 
the Composite snow maps, and the temporally post-processed Composite (Composite (T)) snow maps as 
well as the corresponding PS-derived Budd Basin fSCA when STC-MODSCAG reports no snow in the 
basin for 2020, 2022, and 2023. 
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The PS derived maps and the STC-MODSCAG maps showed general agreement between 
snow cover, except for the tail ends of the season, when PS identified more snow in both cases 
(Fig. 6). The STC-MODSCAG time series had a dramatic SCA decrease from about 30% to 0% 
while the slope of the fSCA line for all PS methods was more gradual in that range. When fSCA 
values were above 80% in the basin, STC-MODSCAG fSCA values were generally lower than 
both the ASO (lidar) fSCA and all PS methods (Fig. 6a) in 2022. A similar trend was observed 
for both 2020 (Supporting information Fig. S4) and 2023 (Supporting information Fig. S5), all 
except for two to three observations skewed from image artifacts. Fig. 6a shows several of these 
large spikes in the Base model (black), which are from image quality issues (early season spikes) 
and clouds (September 2022 spikes). The Base (S+T) model and the Composite (T) models did 
not show late season spikes from cloud coverage, showcasing the effectiveness of temporal 
smoothing. 

The PS-derived melt out date in the basin was 24 days later than the STC-MODSCAG 
melt out date in 2022 (Fig. 6a). When the coarse product observed no snow in the basin, PS maps 
identified on average ~303,000 m2 of snow cover in 2022. This remaining snow covered 4% of 
the basin’s total area and was tucked away in deep fissures and depressions at high elevations. 
These lasting snow piles that PS can see are the reason Budd Creek has the longest sustained 
streamflow of the tributaries in the Upper Tuolumne River Basin. While we do not have lidar 
data to compare to the PS fSCA on the date STC-MODSCAG identifies no snow in the basin, the 
snow is visible to the eye from PS RGB imagery (Fig. 6b) and is regularly documented by hikers 
in the area. The remaining snow that is missed by the coarser sensors and visually identified in 
PS imagery evident in all three years in our analysis (Supporting information Fig. S4 and Fig. 
S5). Similarly to 2022, STC-MODSCAG melt out date was 37 days earlier in 2020 and over a 
month earlier in 2023, although PS still reported snow cover in the last scene on 29th September 
in 2023 (Table 3). STC-MODSCAG missed ~378,800 m2 (5% of the basin) and ~227,000 m2 
(3% of the basin) of snow cover in the basin for 2020 and 2023, respectively. Our comparison 
with STC-MODSCAG demonstrated the value PS derived snow maps have for the application of 
basin hydrology and ecology when identifying the date snow disappears in a basin.  
 
6. Discussion 
 
6.1 Overall performance 
 
 While all methods had robust performance in our evaluation with lidar derived snow 
maps, it is evident that improvements in snow mapping can be made during the model training 
stages and post-processing stages of mapping snow cover. All methods performed well across 
the three distinct water years, showcasing versatility across snow conditions.  
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6.2 The Composite and the Base (S) model 
 

 
Figure 7. PlanetScope training data reflectance value distribution for Red (red), Green (green), Blue 
(blue), and Near infrared (purple) bands for canopy-covered pixels (top row) and open pixels (bottom 
row) separated by manual snow (solid) and no snow (dashed) labels. Both Open and Forested graphs 
show snow and no snow distributions that contain 5,000 data points each. 
 

The Composite model was tested with the assumption that forested and non-forested 
pixels have distinctly different reflectance values among the four bands provided by PS imagery. 
Fig. 7 shows the distributions of reflectance values for forested and non-forested pixels in the 
red, green, blue, and near-infrared bands. Pixels without snow have lower reflectance values, and 
as seen across all four bands, no snow pixels particularly in the canopy had lower reflectance 
values and had a narrower spread of reflectance values. Canopy pixel density curves for snow 
and no snow generally intersect where the peak of the no snow, open pixel density curve is. 
Segregating forested and non-forested pixels in the training process mitigates ‘confusion’ the 
model might experience within this range of values. As for snow in the forest, which was our 
initial target when testing the Composite model, the distribution among all bands showed a right 
skew, with lower reflectance values. Lower reflectance values in the forest is a known 
phenomenon, and a result of mixed pixels, canopy coverage, or shadows, which is why detecting 
snow in the forest from optical sensors is difficult. A model can gain information from this 
general trend to inform better predictions.  

Ultimately, treating forested and non-forested pixels separately increased model 
performance. Mean F1 scores in the forest improved 0.05 from the Base to the Composite model 
(Table 2). An unanticipated result of segregating the two models in the beginning was fewer 
extreme fluctuations in snow cover from image quality issues that the Base model was subject to 
(Fig. 6a, Supporting information Fig. S4 and Fig. S5).  

The spatial post-processing also improved snow cover estimates. This method improved 
overall forest mean F1 scores from 0.77 to 0.82. The spatial post-processing corrected for snow 
cover best when the omission errors were distributed well among correct snow labels and pixels 
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at the boundary of clusters of omission errors. This method lacked effectiveness in dense clusters 
of false negatives (Fig. 4). 

Our DCE analysis (Section 5.2) showed that both the Base (S) model and the Composite 
model are promising methods for mapping snow in the forest. For the forest edge pixels, the 
Base (S) model achieved a median F1 score of 0.92 and the Composite model achieved a median 
F1 score of 0.94, while the Base model achieved a median F1 score of 0.87. The Base (S) and 
Composite model also performed better in small forest gaps, and had a median F1 score of 0.95 
and 0.94, respectively, while the Base had a F1 score of 0.92. The Base model and Base (S) 
model had median F1 scores lower than 0.90 for forest clusters (Supporting Information, Table 
S1. Yang et al. (2023) similarly reported poor performance in forest clusters, but it is important 
to note this is not a direct comparison and the results reported by Yang et al. (2023) were not 
from snow maps in Budd Basin. The composite model did achieve a median F1 score of 0.90 in 
forest clusters. 

  
6.3 Temporal post-processing 
 

Temporal smoothing addressed sensor noise, image artefacts, canopy shading, and cloud 
interference, which can cause sporadic changes in snow cover from one timestep to the next 
(Dozier et al., 2008; Pflug et al., 2024). Relevant to PS derived snow maps specifically, Pflug et 
al. (2024) found that automated temporal post-processing most improves snow cover estimates 
by correcting forest-edge grid cells that were blocked by canopy at off-nadir angles. We 
evaluated the need for temporal post-processing with the snow mapping methods introduced in 
this work and found increased F1 scores, captured by select observation dates, as well as more 
realistic fSCA time series throughout the melt season. The study reaffirms the necessity of 
augmenting temporal post-processing to raw snow maps from optical satellite imagery. 
 
6.4 Limitations and future considerations 
 
 Within the scope of this study, there are some limitations to note. We test this work on 
one basin with a forest composition that does not reflect the forest composition of all other 
basins. Relevant to the Composite method, we do not comment on the transferability of this 
model to basins in other regions, and this may require additional training of a new model for 
each location. As for the spatial post-processing of the Base (Base (S)) model, the radius of 3 
pixels and threshold of 30% snow cover for the neighborhood statistics worked for the canopy 
density in Budd Creek Basin but might not be appropriate for another forest. A basin with more 
sparse canopy cover may require a lower threshold. We suggest testing the appropriate 
combination of radius and thresholds for the basin of interest. 
 While our ‘truth’ datasets provide adequate spatial information, they lack sufficient 
temporal information. Within the three years of this study, the lidar acquisitions show 46% or 
more snow cover within the basin and only three days per season. Consequently, we cannot say 
for certain how these methods do in the forest when the basin is predominantly not covered in 
snow. We do feel confident in how our model performs in the open based on visual assessment 
of PS RGB images, but quantitatively validating this is difficult. Additionally, John et al. (2022) 
tested several lidar-derived SCA thresholds ranging from 3 cm and 20 cm against a PS-derived 
SCA map and found the F1 score decreased with a threshold under 8 cm and above 10 cm (John 

https://www.zotero.org/google-docs/?jGduUO
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et al., 2022), but this can be a source for errors. While the community has adopted lidar as a 
‘truth’ dataset, we acknowledge no data is free of uncertainty. 
 Beyond PS imagery, we believe the Composite method might be applicable to other 
datasets. With that said, the utility of this approach most likely would be limited to an upper 
bound of sensor resolution, requiring pixel size to be representative of a canopy covered area. 
Similarly, the spatial post-processing is feasible due to the very detailed nature of PS that enables 
robust snow detection rates in forest gaps and is necessary for interpolating snow based on 
neighborhood statistics; therefore, we are skeptical this approach would work with a coarser 
product. 
 
7. Conclusion 
 

Detailed and frequent snow cover data is essential for hydrology and ecology in 
seasonally snow-covered mountain subbasins. While relatively accurate snow maps can be 
derived from PS imagery, data are limited by observation frequency, cloud coverage, sensor 
noise, image artefacts, and canopy interference. Snow maps from optical sensors are subject to 
these obscuring factors, and thus require filtering, smoothing, and interpolation. We investigated 
best practices for mapping snow in complex and forested domains. We developed a new model 
training technique, called the Composite model, and a spatial post-processing technique to 
improve snow detection rates for pixels obstructed by canopy cover and canopy shadows. Our 
methods improved mean F1 scores in the forest from 0.77, with our Base model, to 0.82 and 
0.84, for the spatially post-processed Base model and the Composite model, respectively. We 
then showed the importance of temporal smoothing for snow cover mapping and further 
improved snow detection rates, achieving mean F1 scores of 0.88 and 0.86 for forested pixels 
with the spatially and temporally post-processed Base model and the temporally post-processed 
Composite model, respectively. We compared the PS-derived snow maps to the long term, 
moderate resolution, STC-MODSCAG fSCA product and found our maps can identify the last 
~303,000 m2 of snow cover that the coarse product could not. As a result, our maps reported the 
snow disappeared in the basin over 3 weeks later than the date STC-MODSCAG reported no 
snow. The work presented here shows promising efforts to better map snow for small basin 
ecology and hydrology. 
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Supporting Information:  
 
Text S1. Planet Data API categorizes each published image as ‘test’ or ‘standard’ based on 
image quality qualifications. Most images pass the established criteria to meet the ‘standard’ 
requirements, but some do not based on lack of ground lock or band alignment issues. More 
information on PS publishing can be found in Planet’s technical specification (Planet Team, 
2022). In this work we created snow maps from 279 PS scenes. Within the three focus years of 
this study, 55 scenes were considered ‘test’ quality, and 51 of the ‘test’ quality images occurred 
in April and May when the basin was predominantly snow covered, and image saturation levels 
were high. Only 18 images in April and May among the three years were in the ‘standard’ 
category. We included these images to test the functionality of temporal smoothing for better 
snow estimates and avoid long periods between observations. 
 
 

 
Figure S1. Examples of image characteristics in PlanetScope (PS) 4-band imagery that cause issues with 
mapping snow. Examples of (a) cloud coverage in PS image (PS ID: 20220928_183320_79_2426) 
(Imagery © 2022 Planet Labs), (b) saturation and blooming (PS ID: 20220420_182139_58_2490) 
(Imagery © 2022 Planet Labs), (c) degraded image quality (PS ID: 20220723_182239_82_2492) 
(Imagery © 2022 Planet Labs), and shadows (PS ID: 20200528_162440_0f2a) (Imagery © 2020 Planet 
Labs). 
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Figure S2. Conceptual diagram showing steps to create binary canopy mask used for training the 
Composite model and distance to canopy edge classes (Mazzotti et al., 2019) for spatial assessment. 
 

 
Figure S3. (Top row) Snow cover maps for lidar, Base, spatially post-processed Base, and Composite 
methods on 30 April 2022 (PS ID: 20220430_181902_39_2482) (Imagery © 2022 Planet Labs). False 
color image and difference maps for following methods in top row (bottom row). 
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Figure S4. (a) 2020 fSCA timeseries from the Base model (dark blue), Base (S+T) model (light blue), the 
Composite model (purple), the Composite (T) model (pink), and the STC-MODSCAG (black). Markers 
indicate fSCA retrievals. Dark grey marker represents ASO (lidar-derived) fSCA retrieval. Inset showing 
end of season. Vertical dashed lines on 06-23 and 07-30 indicate the date of snow disappearance for STC-
MODSCAG maps and PS maps, respectively. (b) PlanetScope red, green, and blue image on 23 June 
2020 (PS ID: 20200623_175932_77_2277) (Imagery © 2020 Planet Labs), the melt out date for STC-
MODSCAG in Budd Basin. 

 
Figure S5. (a) 2023 fSCA timeseries from the Base model (dark blue), Base (S+T) model (light blue), the 
Composite model (purple), the Composite (T) model (pink), and the STC-MODSCAG (black). Markers 
indicate fSCA retrievals. Dark grey marker represents ASO (lidar-derived) fSCA retrieval. Inset showing 
end of season. The vertical dashed line on 08-29 indicates the date of snow disappearance for STC-
MODSCAG maps. (b) PlanetScope red, green, and blue image on 08 Aug. 2023 (PS ID: 
20230829_183119_13_2488) (Imagery © 2023 Planet Labs), the melt out date for STC-MODSCAG in 
Budd Basin. 
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Table S1. Median F1 score, Precision, Recall, and Accuracy for the Base model, Base (S) model, and 
Composite model in the 8 DCE classes. Values correspond to Figure 3 in Section 5.1.  
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