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Seasonal snow is one of the most dynamic components of the cryosphere. This water 

resource serves multiple roles in ecohydrology, climate modulation, and nutrient cycling. 

Measuring snow distributions is critical to estimating water storage and to predict melt volumes 

and timing. Interconnected, multi-scalar processes control snow distributions, and at the 

mountain ridge scale and smaller, wind redistribution, terrain, and vegetation interactions drive 

heterogeneity. With a changing climate affecting meteorological conditions and shifting the 

timing of events on a regional basis, statistical relationships (provided enough data has been 

collected to generate these relationships) break down, making real-time region-specific 

monitoring important. 

In the last two decades, the ability to accurately make fine-scale observations of snow has 

greatly increased, enabling us to better understand and model snow depth spatial heterogeneity 

and temporal variability. However, most of these methods involve aerial or terrestrial platforms, 

are limited in coverage, and require significant technical expertise and investment of resources to 

acquire instruments and collect data. Very-high-resolution satellite remote sensing is a promising 

alternative, providing broad coverage, meter-scale resolution, and little cost to end users. 



However, rigorously evaluated retrieval algorithms are needed for operational adoption of 

satellite products.  

This dissertation investigates the potential of spaceborne stereo photogrammetry using 

commercial optical imagery to make fine-scale measurements of seasonal snow across a variety 

of snow climates including the maritime snowpack of the Washington North Cascades, the 

continental snowpack of the Colorado Rockies, and the boreal forest / taiga of interior Alaska. 

Comparison with an expansive collection of reference datasets (e.g., data from SNOTEL 

network; ground, air, and satellite datasets from SnowEx campaigns) across a range of scales 

provide extensive validation of stereo snow depth mapping approaches. Assessments of stereo 

snow depth illustrate how stereo snow depth measurement accuracy is affected by stereo pair 

collection conditions (viewing geometry, illumination), surface properties (land cover, 

topography), and processing choices (stereo reconstruction and co-registration). The large spatial 

coverage of stereo snow depth maps also highlights the strengths and limitations of other 

measurement approaches, such as swath alignment in airborne lidar products. Residual artifacts 

with decimeter magnitudes are the largest remaining source of error in stereo snow depth 

products. Though this work focused on select snow climates and vegetated regions in the United 

States, it has global applications for quantifying changes in surface elevation with sub-meter-

scale magnitudes. With decimeter-scale accuracy (RMSE 0.3 m), satellite stereo collections may 

offer accurate basin-scale estimates of snow distributions. 
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Chapter 1. INTRODUCTION 

1.1 MOTIVATION 

1.1.1 Seasonal snow and a changing climate 

Seasonal snow is a critical component of earth’s climatic, hydrologic, and ecological 

systems. Snow cover regulates energy balance and exchange with its low thermal conductivity 

and high albedo surface. Snow accumulation serves as climate refuge for over-wintering animals, 

with its distribution affecting phenological and plant species’ distributions and controlling the 

timing, quantity, and rate of snowmelt and biogeochemical cycling. With altered precipitation 

regimes and warming temperatures, widespread declines in snow cover and snowmelt water 

storage/availability and the corresponding impacts on downstream flow are expected to continue, 

especially in high elevation areas (e.g., Cho et al., 2021; Gudmundsson et al., 2021; Hale et al., 

2023; Marshall et al., 2019; Stewart, 2009). However, regional variability in seasonal snow 

changes makes measurements of snow depth even more critical for estimating seasonal snow 

volume, snow water equivalent, and intra- and inter-seasonal changes. Accurate measurement of 

these snow variables is needed to make useful forecasts and effective management decisions for 

hydropower, irrigation, and water supply. 

 

1.2 BACKGROUND 

1.2.1 Dynamics and variability of seasonal snow 

Highly dynamic in space and time, the distribution of seasonal snow is modified by 

preferential wind deposition, redistribution, and differential melt (e.g., Lehning et al., 2008; Mott 

et al., 2011). These factors are in turn affected by topography, vegetation, and meteorology at 

varying spatial scales (e.g., Elder et al., 1991) to generate highly localized, site-specific 

accumulation distributions. Although snow depth generally increases with elevation due to 

orographic lift, precipitation is more strongly tied to wind (i.e., speed, direction) and slope 
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(Pomeroy & Brun, 2001). After snow falls, it can be eroded by the wind from low surface 

roughness areas and preferentially deposited in high roughness or wind-sheltered areas, resulting 

in lee-side accumulation of objects perpendicular to prevailing winds (Mott et al., 2018). 

Provided that prevailing winds and precipitation patterns are consistent, terrain-forced 

convergence can result in high intra- and inter-annual persistence of snow depth distributions 

(Grünewald et al., 2013; Schirmer et al., 2011) and allow for basin-wide extrapolation (Pflug et 

al., 2021). 

While networks of sensors, like the Snow Telemetry (SNOTEL) network, collect temporally 

dense data, they are spatially sparse and typically established at lower elevations. The 

preferential spatial distribution of sensors effectively undersamples higher elevations and rugged 

environments, where large volumes of seasonal snow accumulate each year and where snow 

depth distributions can vary widely from initial snowfall distributions (Pomeroy & Brun, 2001). 

Many water managers rely on empirical relationships between snow water equivalent at index 

sites and expected streamflow to make decisions and generate water forecasts, but these 

statistical relationships may break down in abnormal years.  

Establishing statistical relationships are limited to regions that possess sufficient data, which 

may not be attainable for many data-scarce, snow-dominant watersheds whose communities lack 

access to the resources (e.g., financial, technological, personnel, or otherwise) needed to collect 

the requisite data. Indeed, in many parts of the world, seasonal snow is deposited in remote, 

treacherous locations posing additional hazards for data collection. Enter remote sensing 

approaches for widespread coverage and monitoring. 

1.2.2 Key remote sensing approaches for large-scale snow mapping 

Several techniques have been developed to map snow cover and estimate snow water 

equivalent across large extents. Optical approaches leverage the distinct spectral characteristics 

of snow (high reflectance in the visible range and the low reflectance in the infrared range) to 

help distinguish from other types of land cover (Valovcin, 1976). In the satellite age, operational 

snow cover maps that employ this approach with a computed normalized difference snow index 

(NDSI) are limited by the spatial resolution of SWIR sensors and revisit times (3-5 days at 20-30 

https://www.zotero.org/google-docs/?NxmB2H
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m or daily at 500 m) in addition to cloud obstruction. Despite efforts to address these issues 

(Gascoin et al., 2020), these scales of observation are unlikely to either capture the true 

distribution of snow or to accurately represent driving interacting processes that control 

distribution (Blöschl, 1999) at and below the hillslope scale (<100 m). 

Multifrequency passive microwave remote sensing approaches use condition-dependent 

retrieval algorithms to estimate snow depth by disentangling detected radiation (a combination of 

emission from the ground, the snow, and scattering within the snowpack). While these 

approaches can operate day or night and are weather-robust, due to the low level of energy 

emitted at these wavelengths (0.1 to 100 cm), large areas (~1 km resolution) are needed for 

accurate estimates. Passive microwave products are coarse and limited in spatial coverage and 

accuracy is sensitive to dense forest cover, heterogeneous snow grain size, deep snow, snow state 

(i.e., wet or dry), soil moisture, and complex topography (Ly, 2020; Tanniru & Ramsankaran, 

2023). Active microwave sensing approaches, including interferometric synthetic aperture radar, 

can attain much finer spatial resolution (~3 m), but are similarly challenged by dense forest 

cover, changes in atmospheric water vapor, deep snow, and wet snow. 

In airborne light detection and ranging (lidar), pulses of light are emitted towards a surface, 

and by recording precise position of emission and the distance and time of flight of pulses, can 

retrieve elevation measurements and produce point clouds and digital elevation models (DEM). 

With a snow-free collection, corresponding point clouds and DEMs alike can be aligned in space 

(i.e., co-registered) and differenced to produce highly accurate (vertical RMSE ~0.1 m; Hodgson 

& Bresnahan, 2004), very-high-resolution (< 3 m) maps of elevation change between the dates of 

collection. With further processing, snow depth signals can be extracted from other elevation 

change signals. While airborne lidar currently represents the most precise and accurate method 

for large coverage snow mapping, instruments and personnel are costly and flight planning and 

weather windows are needed for data collection. 

1.2.3 Mapping snow with stereo images 

Remote sensing has entered a new era in the past two decades, with an ever-increasing 

number of commercial satellites delivering submeter-scale panchromatic (PAN) and meter-scale 



 

 4 

multispectral (MS) imagery. This new generation of very-high-resolution (VHR) satellite sensors 

can provide data at spatial resolutions previously limited to airborne campaigns. With accurate 

image geolocation of ~3-4 m, VHR products can make meter-scale measurements of snow 

distributions in regions of complex land cover and terrain, enabling the study of snow processes 

across a range of observation scales, without sacrificing spatial coverage.  

Stereo approaches reconstruct surface elevation by capturing two or more images of an area 

of interest from two or more different perspectives. These images are usually taken in a short 

span of time to minimize differences in the surface and atmosphere. Common pixels in these 

images are matched with correlation algorithms and the 3-dimensional position of each matched 

pixel can be triangulated by leveraging information about precise satellite positions at the time of 

image capture and pixel location in the images. Point clouds and DEMs are generated through 

this process of pixel correlation and triangulation and like airborne lidar, two collections (one 

snow-on, one snow-free) may be used to produce a fine resolution (1–3 m) maps of elevation 

change and snow depth.  

Though spaceborne stereo snow depth mapping may pose a “viable alternative to airborne 

campaigns” (Deschamps-Berger et al., 2020) in extending fine-scale snow depth mapping in 

complex terrain, substantial refinement, testing, and validation is needed to assess available 

sensors and stereo products across environmental snow conditions.  

1.3 RESEARCH OBJECTIVES AND OVERVIEW 
The primary objective of this dissertation is to investigate the capacity (and limitations) of 

VHR satellite stereo techniques to reconstruct surface elevation and retrieve seasonal snow 

properties across a variety of snow climates. The following chapters are presented as standalone 

manuscripts. Machine learning models and big data approaches are used to develop stereo snow 

mapping techniques. Records from long-term monitoring networks, and ground, air, and satellite 

measurements from NASA’s SnowEx campaign are used to evaluate stereo snow depth products. 

Chapter 2 presents an assessment of WorldView imagery products using Random Forest 

machine learning models to classify snow and a broad subset of land cover classes during the 

accumulation season over the Washington North Cascades, and the Grand Mesa in Colorado. 
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Direct measurements of VHR snow covered area allowed for evaluation of coarser operational 

fractional snow cover products. Results show that coarser products overestimate completely 

snow-covered and completely snow-free pixels in open areas, demonstrating the impact of 

observation scale on retrieved snow cover distributions. 

Chapter 3 details the use of multi-view stereo collections over the Grand Mesa in Colorado. 

These collections are used to produce an optimized workflow that processes stereo images, 

leveraging contemporaneous land cover maps from Chapter 2, and integrates lidar snow-free 

references to generate maps of snow depth. Over a six-season range of collections near the 

timing of peak SWE, including anomalously low and high snow years, I investigate intra-annual 

and interannual snow depth variability. 

Chapter 4 extends the workflow developed in Chapter 3 to investigate stereo snow depth 

mapping with a wide assortment of stereo pairs over a shallow, boreal forest snowpack in 

Fairbanks, Alaska. The assortment of stereo pairs enables an assessment of viewing geometries 

and sensor pairings to identify optimal cross-track configurations that may approximate in-track 

accuracy and precision. Assessments of alternative DSM products and sensors are provided to 

characterize error and residual artifacts which limit vertical accuracy. 
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Chapter 2. IMPROVING MOUNTAIN SNOW AND LAND COVER MAPPING 

USING VERY-HIGH-RESOLUTION (VHR) OPTICAL 

SATELLITE IMAGES AND RANDOM FOREST MACHINE 

LEARNING MODELS  

2.1 ABSTRACT 
Very-high-resolution (VHR) optical imaging satellites can offer precise, accurate, and direct 

measurements of snow-covered areas (SCA) with sub-meter to meter-scale resolution in regions 

of complex land cover and terrain. We explore the potential of Maxar WorldView-2 and 

WorldView-3 in-track stereo images (WV) for land and snow cover mapping at two sites in the 

Western U.S. with different snow regimes, topographies, vegetation, and underlying geology. 

We trained random forest models using combinations of multispectral bands and normalized 

difference indices (i.e., NDVI) to produce land cover maps for priority feature classes (snow, 

shaded snow, vegetation, water, and exposed ground). We then created snow-covered area 

products from these maps and compared them with coarser resolution satellite fractional snow-

covered area (fSCA) products from Landsat (~30 m) and MODIS (~500 m). Our models 

generated accurate classifications, even with limited combinations of available multispectral 

bands. The models were trained on a single-image-demonstrated limited model transfer, with the 

best results found for in-region transfers. The coarser-resolution Landsat and MODSCAG fSCA 

products identified many more pixels as completely snow-covered (100% fSCA) than WV 

fSCA. However, while MODSCAG fSCA products also identified many more completely snow-

free pixels (0% fSCA) than WV fSCA, Landsat fSCA products only slightly underestimated the 

number of completely snow-free pixels. Overall, our results demonstrate that strategic image 

observations with VHR satellites such as WorldView-2 and WorldView-3 can complement the 

existing operational snow data products to map the evolution of seasonal snow cover. 

2.2 INTRODUCTION 
As one of the most dynamic components of the cryosphere, seasonal snow is an integral part 

of hydrologic, ecologic, economic, cultural, and climatic systems. Snow accumulates during the 
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cool season and releases meltwater during warmer and drier periods (Bales et al., 2006; Viviroli 

et al., 2007). The timing and quantity of the accumulation and melt can have consequential 

impacts on downstream processes, phenology, and water supply (Jones, 1999; Steltzer et al., 

2009; Walker et al., 1993; Winkler et al., 2018), especially within mountain watersheds. 

Seasonal snowpack acts as a natural reservoir, providing a critical freshwater resource to over 

one billion people worldwide (Mankin et al., 2015). 

Despite the significant role of seasonal snow in many different Earth systems, understanding 

and measuring its distribution and water content can be challenging. Snow cover varies across a 

range of spatiotemporal scales based on meteorology, topography, and vegetation. Localized 

sources of redistribution, such as wind transport, combine with topography and vegetation 

processes to generate additional spatial variability after snow has fallen (Elder et al., 1991; 

Winstral et al., 2002). This highly heterogeneous distribution of snow suggests that in situ point 

measurements (e.g., snow depth from automatic weather stations) may not be representative of 

broader snowpack characteristics (Molotch & Bales, 2005), especially for remote, 

topographically complex, and inaccessible areas. Though useful for hydrological models, the 

existing snow fraction estimates are insufficient for process-based ecohydrological (Broxton et 

al., 2015; Mazzotti et al., 2020) and ecological research that requires more fine-scale and 

spatially distributed information (Berman et al., 2019; Cosgrove et al., 2021; Essery & Pomeroy, 

2004; Thibault & Ouellet, 2005). 

2.2.1 Satellite Snow Mapping and Mixed Pixels 

Satellite remote sensing can offer measurements over large spatial extents with variable 

temporal coverage. Passive microwave ‘all-weather day-or-night’ approaches are capable of 

expansive daily coverage but with a limited spatial resolution of ~25 km and a variable 

performance for wet vs. dry snow. These issues limit the ability of passive microwave sensors to 

observe fine-scale processes affecting the highly heterogeneous snow conditions in complex 

terrain. Active microwave approaches (e.g., synthetic aperture radar) can offer much finer spatial 

resolutions (0.25–20 m), but its interpretations are affected by wet snow, vegetation, and steep 

topography (increased layover and shadow effects). 
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The widely available optical remote-sensing earth observation instruments (e.g., Moderate 

Resolution Imaging Spectroradiometer [MODIS] on Aqua/Terra, Enhanced Thematic Mapper 

Plus [ETM+] on Landsat 7, and Operational Land Imager [OLI] on Landsat 8) have been 

essential for mapping regional to global snow cover (Hall et al., 2002). Snow-covered area 

(SCA) can be extracted from optical data using relatively simple approaches (Nolin, 2010) given 

the difference in albedo between snow and other common land cover types. However, the 

presence of optically thick clouds and variable illumination in complex terrain still present 

challenges for optical remote-sensing land cover classification (Giles, 2001). For a more detailed 

discussion of the methods and issues associated with optical remote sensing for global snow 

cover mapping, we refer the reader to (Dozier & Painter, 2004; Giles, 2001; Hall et al., 1995; 

Rittger et al., 2020; Vikhamar & Solberg, 2003). 

Optical snow-cover-mapping approaches (Valovcin, 1976) routinely leverage the relatively 

low reflectance of snow in the shortwave infrared (SWIR) and relatively high reflectance in the 

visible spectrum to calculate a normalized difference snow index (NDSI), which can more 

effectively distinguish snow from clouds. The operational workflows to derive snow-cover 

products from remote-sensing satellites employ reflectance thresholding and a rule-based 

approach using this index for pixel-based snow classification [17,22,25]. These products are 

dependent on SWIR band(s) and are typically limited to a binary snow vs. “not snow” 

classification at the lower resolution of SWIR sensors. Thus, the spatial resolution of most 

publicly available snow products is relatively coarse (~15–500 m), resulting in mixed radiance 

values from multiple land cover features in each pixel. In one study, mixed pixels were found to 

comprise 25–93% of all pixels at a 40 m resolution and 67–100% at 500 m (D. J. Selkowitz et 

al., 2014). The WorldView-3 satellite can also collect SWIR image data, but the resolution is 

coarser than the multispectral bands (~3.7 m vs. ~1.2 m, respectively) and must be requested 

during tasking, with additional product costs. 

Subpixel snow-mapping techniques were developed to address mixed pixels by separating 

snow endmembers from non-snow endmembers using field and laboratory spectral libraries 

(Dozier & Painter, 2004). These spectral unmixing models use linear spectral mixture algorithms 

to deconstruct constituent signals of different land-cover features. They then estimate fractional 
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snow cover for each pixel and aggregate the fractional snow-covered area (fSCA) (Painter et al., 

2003, 2009; Rosenthal & Dozier, 1996; Vikhamar & Solberg, 2003). 

While unmixing provides estimates of the snow fraction within a pixel (with post-processing 

yielding values between 0–100% or 0–1), these approaches rely on well-calibrated data, both in 

terms of spectral libraries and radiometrically calibrated satellite instruments such as MODIS. 

Even with this calibration, the coarser products tend to overestimate the snow at boundaries with 

other feature classes (Hao et al., 2019) and are not able determine the true spatial distribution of 

snow at the subpixel level. To address these limitations, approaches involving downscaling, 

histogram matching, and data fusion techniques can potentially be used to extract finer spatial 

resolution fSCA products (Cristea et al., 2017; Walters et al., 2014). 

2.2.2 Very-High-Resolution Snow Mapping and Machine Learning 

Despite improvements in subpixel fractional snow mapping, these techniques cannot identify 

small-scale snow features such as drifts or snow patches, which can be important for late-season 

water resources (Parr et al., 2020). Very-high-resolution (VHR) image products (< 1–2 m 

resolution) can capture precise and accurate measurements of snow and land cover in regions of 

complex terrain and can be used to resolve snow cover in forest gaps and even between 

individual trees. This enables a more detailed study of snow deposition (Lundquist & Lott, 2008; 

Mott et al., 2017; Thorn & Hall, 2002) and snowmelt processes (Currier et al., 2022). The 

percentage of mixed pixels at a fine resolution is also considerably smaller than at coarser 

Landsat or MODIS resolutions (Marston et al., 2017). 

However, this boost in spatial resolving power comes with tradeoffs—large data volumes 

and larger- than-memory datasets present major challenges for standard processing approaches. 

While GUI-based unsupervised and semi-supervised classification tools (e.g., ESRI, ArcGIS) 

may be sufficient for some studies, those approaches can be cumbersome and inefficient for 

large data volumes. 

Modern machine learning approaches, combined with enhanced computational resources, can 

be used to extract information from large data volumes with limited supervision (i.e., manual 
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intervention). The random forest (RF) algorithm (Breiman, 2001), a pixel-based method, is often 

used for land cover mapping due to its computational efficiency, interpretability, ability to 

extract feature importance metrics, and relatively low requirements for its training data volume 

(Liu et al., 2020; Maxwell et al., 2018) compared to other machine learning approaches such as 

neural networks. Though machine learning models have demonstrated substantial skill in 

classification accuracy, the spatiotemporal transferability (i.e., generalization) of such models is 

variable (Jin et al., 2018; Revuelto et al., 2020; Tsai et al., 2019; Wu et al., 2021). 

Beyond operational snow-monitoring applications, accurate, fine-resolution maps of snow 

and land cover are needed to identify static, exposed control surfaces for the precise co-

registration of “snow-on” and “snow-off” DEMs to derive snow depth products from stereo 

VHR images (Deschamps-Berger et al., 2020; Marti et al., 2016). However, stereo images 

inherently require larger off-nadir viewing angles, often > 20–30°, to provide sufficient parallax 

for accurate stereo triangulation of the snow surface. While not ideal compared to sensors with 

nadir orientation, we attempt to use these off-nadir stereo images to produce accurate landcover 

maps, with the goal of combining them with contemporaneous stereo DEMs for accurate snow 

depth mapping. 

In this work, we use WorldView-2 and WorldView-3 stereo panchromatic and multispectral 

images and a semi-automated workflow to train land cover models to produce fine-scale snow 

and land cover maps over mountainous areas at two study sites in the Western U.S. Though other 

studies have demonstrated the uneven transferability of random forest models, we also 

investigated whether our simple land cover models could transfer to other images, specifically to 

classify snow. To assess how the resulting VHR snow cover maps may complement publicly 

available, operational snow cover datasets such as those derived from MODIS and Landsat, the 

VHR maps were downsampled and compared with corresponding coarser-resolution operational 

fSCA products. These VHR snow maps can also be used for the calibration and validation of 

coarser products (Bair et al., 2020), despite differences in instrument architectures (e.g., 

whiskbroom vs. pushbroom), illumination geometries, viewing geometries, and methodological 

processing approaches. 
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Using varying combinations of spectral bands and band ratio indices, we developed simple 

random forest models to classify a broad subset of priority land cover classes (i.e., illuminated 

snow, shaded snow, vegetation, exposed surfaces, surface water, and clouds) common to 

mountainous areas and needed for stereo snow depth mapping. With these models and land cover 

classifications, we investigated the following questions: 

1. Can random forest models and minimally processed VHR stereo multispectral images 

be used to accurately classify snow cover at the meter scale without SWIR bands or 

more complex atmospheric, topographic, and BRDF corrections? 

a. What combination(s) of input layers provide the best model performance? 

b. Can a single model trained for one region be used to accurately classify snow 

when applied to out-of-region images? 

2. How do coarser resolution operational fSCA products from the spectral unmixing of 

Landsat (30 m) and MODIS (500 m) images compare with the VHR snow cover 

products? 

This paper is organized as follows: Section 2.3 describes the study sites and data. Section 2.4 

details the data preprocessing steps, the machine learning model training, the mode of 

assessment, the model generalization tests, and the procedure for the snow cover product 

comparison. Section 2.5 summarizes the key results of the classification, generalization, and 

snow cover comparison tests. In Section 2.6, we discuss machine learning model performance, 

provide insight into classification challenges, examine the differences with coarser resolution 

snow cover products, and provide a commentary on the operational potential. 

 



 

 12 

2.3 STUDY SITES AND DATA 

2.3.1 Study Sites 

We selected two snow monitoring sites in the Western US: the Washington North Cascade 

Range and Grand Mesa in Colorado (Figure 2.1). These two sites have distinct climates, 

topography, and land cover that produce different snow conditions. The North Cascades site is 

more challenging for optical snow observation compared to the Grand Mesa site, with increased 

cloud cover, terrain shadowing, and the presence of glacial ice and firn. 

The North Cascade Range of the Washington state (Figure 2.1) site spans an elevation range 

of 430–2703 m a.s.l. from the river valley bottom to the mountain peaks. The exposed areas in 

this region are primarily schist, orthogneiss, and plutonic rocks (Haugerud & Tabor, 2009). 

Western hemlock, red cedar, and Douglas fir are the predominant tree species at lower elevations 

(below 800 m) while silver fir is found between 600–1300 m (Kruckeberg, 1991). At higher 

elevations, mountain hemlock is mixed with subalpine meadows between 1200–1600 m 

(Kruckeberg, 1991), with alpine lakes between 1270–1749 m a.s.l. 
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Figure 2.1. (a) Study site locations with VHR image footprints over shaded relief basemap: North 

Cascades, WA, USA (left in blue, southern footprints show images over South Cascade Glacier) and Grand 

Mesa, CO, USA (right in orange). Oblique aerial context images of (b) mountain peaks and an alpine lake 

in the North Cascades site (July 2017, photo courtesy of Long Bach Nguyen) and (c) the north arm of the 

Grand Mesa site (February 2017, photo courtesy of Chris Chickadel). 

This site is geologically complex with perennial snowfields and dozens of active glaciers, 

including the USGS benchmark South Cascade Glacier (O’Neel et al., 2019). Winters in the 

Washington North Cascades are generally mild, with moisture-laden air from the Pacific Ocean 

(Bach, 2002; Rasmussen & Tangborn, 1976) helping to generate warm, dense maritime snow 

(Trujillo & Molotch, 2014) and some of the deepest snowpack in the Western U.S., with mean 

annual snowfall exceeding 15 m in some locations (Leffler et al., 2001). 



 

 14 

Grand Mesa, located in western Colorado, is one of the largest high-elevation, flat-topped 

mountains in the world (Figure 2.1). Chosen as the primary site for NASA’s SnowEx campaigns, 

the mesa spans an elevation range of 3000–3400 m a.s.l., with a relief of 1800 m above the 

surrounding valley floor (Kim et al., 2017). The mesa is dotted with lakes and reservoirs as well 

as isolated stands of Engelmann spruce and subalpine fir (Webb et al., 2020), which increase in 

density and coverage from west to east. The snow water equivalent (SWE) and elevation also 

increase from west to east (Kim et al., 2017). The geology of the mesa includes a cap of volcanic 

basalt, with exposures of the Green River shale and Wasatch sandstone formations (Austin, 

2008; Yeend, 1969) on the surrounding hillslopes. During the accumulation season, prevailing 

maritime air masses coming from the Pacific generate cold, continental snowpack (Kulakowski 

& Veblen, 2006), with a mean annual snowfall of ~5–6 m (Austin, 2008). 

2.3.2 Data 

We obtained archived “System-ready” Level-1B (L1B) Maxar WorldView-2 and 

WorldView-3 satellite images acquired over our study sites between 2015 and 2019 under the 

NGA NextView license (Table 2.1). All the images were collected as in-track stereo pairs, with 

both panchromatic (PAN, 450–800 nm) and 8-band multispectral (MS, 397–1040 nm) images. 

The off-nadir viewing angles ranged between 6.9° and 33.5° (Table 2.1) with corresponding 

ground sample distance (GSD) values between 0.31–0.65 m for PAN and 1.25–2.59 m for MS 

images. Some of the images (e.g., 24 April 2018) of illuminated snow-covered surfaces suffered 

from limited detector saturation due to overexposure. Supplementary Table S1 includes 

additional information on commercial VHR sensors including the available products, spectral 

coverage, and GSD for data products. 

Table 2.1. Metadata for WorldView-2 (WV-2) and WorldView-3 (WV-3) images analyzed in this study. 

Ground sample distance (GSD) is a measure of the ground-projected distance between the center of two 

adjacent pixels. 
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WA N 
Cascades 20 May 2015 WV-3 104001000C1BB800 60.0° 157.2° 58.5° 196.4° 28.3° 0.39 1.55 

104001000CB3D400 60.0° 156.7° 82.7° 6.6° 6.9° 0.31 1.25 

WA N 
Cascades: 

South Cascade 
Glacier 

24 April 2018 WV-3 104001003B034600 53.8° 162.7° 63.5° 145.3° 23.8° 0.36 1.45 
104001003B7AC300 53.8° 162.3° 61.4° 54.2° 26.0° 0.37 1.50 

27 May 2018 WV-3 104001003D88B900 63.0° 171.7° 61.7° 318.2° 25.7° 0.37 1.49 
104001003DD34200 63.0° 172.2° 58.9° 246.9° 28.0° 0.39 1.54 

5 May 2019 WV-3 104001004C8CF300 56.6° 158.2° 58.1° 132.6° 28.7° 0.39 1.57 
104001004CBC0600 56.6° 157.8° 58.8° 72.2° 28.3° 0.39 1.55 

CO: Grand 
Mesa 

1 February 
2017 WV-3 

1040010026C28A00 31.9° 160.5° 62.3° 137.0° 24.9° 0.37 1.47 
10400100276B9500 31.9° 160.2° 57.1° 52.7° 29.9° 0.40 1.59 
1040010028192C00 32.0° 160.7° 56.9° 152.4° 29.6° 0.40 1.59 
10400100286A3900 31.9° 160.4° 63.3° 65.7° 24.2° 0.36 1.45 

3 April 2018 WV-2 103001007A0DBD00 53.7° 290.0° 78.9° 109.4° 10.0° 0.48 1.91 
103001007B395800 53.7° 210.2° 52.7° 28.1° 33.5° 0.65 2.59 

26 March 2019 WV-3 1040010048434C00 52.3° 163.4° 62.7° 315.7° 24.9° 0.37 1.47 
104001004918EB00 52.3° 163.8° 55.8° 236.1° 30.7° 0.41 1.62 

 
The WorldView-2 and WorldView-3 instruments include time-delay integration (TDI) 

linescan sensors with arrays of adjacent CCD detectors providing images across the full ~13–17 

km wide swath. Each detector requires relative geometric and radiometric calibration, including 

dark offset subtraction and relative gain modifications, to produce the self-consistent Level-1B 

products. More information can be found in the technical note for WorldView-2 and 

WorldView-3 (Kuester, 2017). 

We orthorectified the WorldView images using the ⅓-arcsecond (~10 m) seamless digital 

elevation model (DEM) from the USGS 3D Elevation Program (3DEP, formerly known as the 

National Elevation Dataset) (U.S. Geological Survey, 2017a). The 3DEP DEM basemap is a 

mosaic of terrain models with varying sources (i.e., airborne lidar and digitized contour maps) 

and collection dates (USGS, 2017). The source of the DEM timestamp for the Grand Mesa site 

(CO_MesaCo-QL2_2015) was 2016 and between 1958 and 2017 for the North Cascades site. 
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We adjusted the 3DEP DEM datums to the ellipsoid using the dem_geoid utility from the 

NASA Ames Stereo Pipeline (ASP) (Beyer et al., 2018; D. E. Shean et al., 2016). 

2.4 MATERIALS AND METHODS 

2.4.1 Pre-processing 

Figure 2.2 shows the general preprocessing workflow. We used the ASP mapproject 

utility with bilinear interpolation to orthorectify all PAN and MS L1B images to a common 1.2 

m (for WorldView-3) or 2.0 m (for WorldView-2) grid using the rational polynomial coefficient 

(RPC) sensor models and the 3DEP DEM basemap with ellipsoid heights. 

 
Figure 2.2. (a) Preprocessing workflow from Level-1B products to model input data stacks, (b) list of input 

data layers used to train random forest models and commonly available data stacks for spectral bands 

collected by earth-observing sensors. Table 2.2 contains all input data layer combinations used to train 

models presented in this work. 

 
Additionally, we performed absolute radiometric corrections to convert the 11-bit L1B digital 

number (DN) values to top-of-atmosphere (TOA) radiance values for each band. We used the 

absolute calibration factors and effective bandwidths provided with the L1B metadata, along 

with the 2016v0.int version calibration adjustment factors (i.e., gain and offset) following the 

methodology outlined in Updike and Comp for WV-2 (Updike & Comp, 2010) and Kuester for 

WV-3 (Kuester, 2017). We then corrected for solar spectral irradiance to convert TOA radiance 
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to TOA reflectance values. Any TOA reflectance values less than 0.0 or greater than 1.0 were 

clamped to 0.0 and 1.0, respectively. TOA values exceeding 1.0 amounted to less than 1.5% of 

any single image. As mentioned earlier, one of our primary objectives was to evaluate the 

performance of simple landcover-classification approaches for accurate snow-cover mapping 

using VHR stereo images. Thus, we did not attempt to convert the TOA reflectance products to 

higher-level surface reflectance products, which would require more complex models and 

corrections for atmospheric, topographic, and bidirectional reflectance distribution function 

effects. See Section 5.2 for further discussion of these issues. 

We also calculated common spectral indices and included them in our data stacks (Figure 

2.2) to mitigate the impacts of sensor calibration error and shading and atmospheric variability. 

We calculated normalized difference vegetation index (NDVI) values using the red (626–696 

nm) and NIR 1 (765–899 nm) bands, and normalized difference water index (NDWI) 

(McFeeters, 1996) using the green (507–586 nm) and NIR 2 (857–1039 nm) bands. 

2.4.2 Classification 

2.4.2.1 Machine Learning Algorithm Selection and Model Implementation 

After preliminary exploration and consideration of classification algorithms (e.g., support 

vector machines, Gaussian Processes, and artificial and convolutional neural networks), we 

chose the random forest algorithm (Breiman, 2001) implemented in the scikit-learn 

Python package (Pedregosa et al., 2011). A random forest classifier leverages an ensemble of 

decision tree predictors to determine the class label for a given input. Preliminary testing ranged 

between 100 and 500 trees, but we observed little to no improvement in accuracy over the 100-

tree configuration. As noted in the scikit-learn documentation, to control overfitting, the random 

forest implementation uses the highest average probability estimate from decision trees rather 

than majority voting to make class predictions. The final model parameters were 100 trees 

(n_estimators) with a square root maximum feature number (max_features) used for splitting and 

tree-building. 
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2.4.2.2 Model Input Configurations 

We considered several variables when preparing the models: input data layer combination, 

time of year, and site/physiography of training images. All combinations of input data layers 

used to build the models are listed in Table 2.2. 

Table 2.2. Input data stack layer combinations for all models described. 

Data Stack Input data stack layers 
coastal_V coastal, NDVI 
coastal_VW coastal, NDVI, NDWI 
PAN_VW panchromatic, NDVI, NDWI 
BGR blue, green, red 
BGRN blue, green, red, near infrared 2 
BGRN_V blue, green, red, near infrared 2, NDVI 
MS coastal, blue, green, yellow, red, red edge, near infrared 1, near infrared 2 
MS_V coastal, blue, green, yellow, red, red edge, near infrared 1, near infrared 2, NDVI 
PAN_MS panchromatic, coastal, blue, green, yellow, red, red edge, near infrared 1, near 

infrared 2 
PAN_MS_
V 

panchromatic, coastal, blue, green, yellow, red, red edge, near infrared 1, near 
infrared 2, NDVI 

 
Several different combinations of input data layers were created to emulate commonly 

available optical and near-infrared spectral combinations for earth-observing satellite sensors 

(e.g., RGB and RGBN, see Figure 2.2). As these models used a subset of bands from the WV 

MS products, they are referred to as “limited band models.” These limited band models were 

included to assess the feasibility of using only a few spectral inputs to produce accurate land 

cover maps. Models trained using all eight MS bands (for both WV-2 and WV-3) as inputs are 

referred to as “8-band MS” models (e.g., MS, MS_V, PAN_MS, and PAN_MS_V). These 

models were constructed to leverage the full multispectral coverage available from Maxar VHR 

sensors. 

For interpretation, models were also qualitatively subdivided into two categories based on the 

source of training data: single-scene or multiple-scene models. The single-scene models were 

trained on a data stack from a single date and location. These models were used to answer 

questions about models’ spatiotemporal transferability (i.e., generalization)—how the site and 

time of year impact trained model performance (Section 3.2.6). The multiple-scene model 
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(M101) was trained on two input data stacks with different dates and locations (both North 

Cascades and Grand Mesa sites) with the full input of available spectral bands (i.e., 

PAN_MS_V) to assess training data expansion impacts on classification accuracy. 

Supplementary Table S2 provides details for the 155 model configurations we considered in this 

analysis, with their corresponding F-scores. 

2.4.2.3 Feature Importance 

Machine learning models with computable feature importance metrics, such as random 

forest, are useful for helping to identify the most important inputs, removing unimportant inputs, 

and reducing the feature space to balance computational efficiency with model performance. In 

this work, rather than reducing feature space, we primarily used feature importance to compare 

important inputs between different model configurations. 

Both the Gini importance and permutation importance are implemented as feature 

importance metrics in scikit-learn. The Gini importance (mean decrease in impurity [MDI]) is a 

measure of how often a random pixel is incorrectly classified when given a random label 

according to the feature class label distribution. This makes the Gini importance strongly 

dependent on the class label distribution. Permutation importance (mean decrease in accuracy 

[MDA]) is the decrease in model score when a single feature class label is randomly shuffled and 

the linkage between data and label is deliberately broken. Through this shuffling, important 

features are identified as those that generate more error when intentionally mislabeled (Altmann 

et al., 2010). Despite the increased processing time required, we chose to analyze permutation 

importance (MDA) for its improved accuracy. Feature importance values were used to evaluate 

which inputs were consistently important for building models that could accurately classify land 

cover in the presence or absence of other input layers. 

2.4.2.4 Training Data 

Polygons outlining clusters of pixels for each feature class were manually delineated to use 

during model training for each unique image acquisition date (Table 2.1). We attempted to 

maintain uniform spatial distribution of polygons (Berhane et al., 2019) (e.g., Supplementary 

Figure S1) and attempted to minimize classification bias by balancing feature classes (Millard & 
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Richardson, 2015) with ~65,000 pixels (~0.1 km2 at 1.2 m GSD) per feature class. This was 

more challenging for snow-covered images with little exposed ground, surface water, and/or few 

clouds. Polygons were combined to create 3–6 different priority class labels: illuminated snow, 

shaded snow, vegetation, exposed ground, surface water, and cloud cover. In some cases, the 

number of feature classes varied with date; for example, the Grand Mesa model (26 March 2019; 

M17 in Supplementary Table S3) was trained with fewer feature classes than the North Cascades 

model (20 May 2015; M7 in Supplementary Table S3), as land and frozen water surfaces were 

heavily snow-covered. When exposed ground was visible at the Grand Mesa site, training 

polygons were focused on shale and sandstone units, as the basalt cap was covered with snow or 

vegetation. 

2.4.2.5 Accuracy Assessment 

Model development involved a train/val/test split of 70% training, 15% validation, and 15% 

testing (Koenig & Gueguen, 2016) for each unique image acquisition date, implemented in 

scikit-learn. We used 10-fold cross-validation to assess overall model performance (i.e., 

accuracy) and stability via Precision, Recall, and F-scores (Equations 2.1–2.3). Weighted macro 

F-scores were calculated to account for any training label imbalances by “weighting” label 

metrics based on the number of true instances (i.e., support). We did not use Cohen’s Kappa, a 

traditional accuracy metric reported for land cover classifications, as other studies have indicated 

that it unnecessarily accounts for correct predictions due to chance (Elmes et al., 2020; Foody, 

2020; Pontius Jr & Millones, 2011; Stehman & Foody, 2019). 

 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 = !"#$	&'()*)+$(
!"#$	&'()*)+$(,-./($	&'()*)+$(

  (2.1) 

 𝑅𝑒𝑐𝑎𝑙𝑙 = !"#$	&'()*)+$(
!"#$	&'()*)+$(,-./($	0$1.*)+$(

  (2.2) 

 𝐹 = 2 ∙ &"$2)()'3	∙5$2.//
&"$2)()'3	,5$2.//

  (2.3) 

2.4.2.6 Model Transfer Tests and Generalization 

We attempted to assess model generalization using our pre-trained models for new images, 

with the goal of reducing duplicate training effort. After training, testing, and validating models 

for a single image (i.e., single-scene models), we conducted model transfer tests using a “base 
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model” with acquisition date that offered the best feature class distribution for each site. We used 

the M7 model (20 May 2015 image data stack) for the North Cascades site and the M17 model 

(26 March 2019 image data stack) for the Grand Mesa site base model. These tests were used to 

assess a single-scene model’s ability to generalize to images from the same physiographic region 

and images outside the physiographic region in which the model was trained. We also conducted 

similar model transfer tests using the multiple-scene model (M101) to assess generalization to 

new images, though all images were from the same physiographic region based on the inputs for 

the multiple-scene model. 

We expected physiography to affect both initial snow grain conditions and subsequent 

redistribution, metamorphism, and snowmelt processes, all of which impact the reflectance of 

snow. Each image in Table 2.1 was assigned to either the North Cascades region or the Grand 

Mesa region. Acquisition dates were thus grouped together as follows: 24 April–27 May for the 

North Cascades site and 1 February–3 April for the Grand Mesa site. Images acquired as in-track 

stereopairs inherently shared the same day of year and physiography, near-identical solar 

illumination, but different viewing geometry than the M7 and M17 models. The M7 and M17 

models were trained on stereo image data stacks for the smaller off-nadir view angle. We define 

the “first” stereo image in each stereopair as the image with the smaller off-nadir view angle and 

define the “second” as the image with the larger off-nadir view angle. 

These qualitative categorizations were used to inform interpretation of overall model 

generalization performance. Supplementary Table S3 shows the full set of model transfer 

experiments and corresponding F-scores. 

2.4.2.7 Snow Cover Products and Comparison with Other Snow Cover Datasets 

To assess the quality of coarser-resolution fractional snow cover products, we downsampled 

our VHR land cover classifications to prepare fractional snow-covered area products (WV 

fSCA). First, we extracted binary snow cover from the random forest classification maps by 

assigning a value of 1 to pixels classified as snow or shaded snow and a value of 0 to all other 

non-snow classes (Figure 2.3). We then reprojected and downsampled our VHR snow cover 

maps using an averaging algorithm to match the publicly accessible, “viewable” fractional snow-
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covered area products from MODIS (MODSCAG fSCA, ~500 m GSD) (Painter et al., 2009) and 

canopy-adjusted products from Landsat (Collection 1 fSCA, ~30 m) (D. Selkowitz et al., 2017; 

U.S. Geological Survey, Earth Resources Observation And Science Center, 2018). 

We created binary cloud masks using the VHR land cover classification and resampled these 

masks to produce WV cloud cover percentage products to match the coarser fSCA products. We 

excluded pixels with resampled cloud cover percentage values of 50% or higher. We also used 

the revised cloud mask products (REVCM) from Landsat and cloud flag values from 

MODSCAG and omitted these cloud-flagged pixels from analysis. 

Finally, we subtracted the resampled, cloud-masked WV fSCA product from corresponding 

coarser resolution products to produce difference maps, and then calculated per-pixel statistics 

for each difference map and aggregated statistics for all difference maps at both sites 

(Supplementary Table S4). All products were reprojected to a local Universal Transverse 

Mercator (UTM) zone for visualization (Figure 2.3). 

 
Figure 2.3. WorldView fractional snow-covered area (WV fSCA) workflow: (a) input data stack of WV 

images, (b) model-derived land cover classification, (c) binary snow map, and (d) WV fSCA map, 

downsampled to match the coarser resolution fSCA products for analysis. 

We used the MODSCAG fSCA products from the same day as the corresponding 

WorldView image acquisition. The local time of observation for MODIS was ~10:30 AM +/− 5 

min (Hall et al., 2019). We used the viewable MODSCAG fSCA products for comparisons with 

our resampled WV fSCA products, as they identify snow cover that is unobstructed from the 

sensor’s view. The more recent “on-the-ground” STC-MODSCAG fSCA products (Rittger et al., 

2020) include additional corrections based on forest canopy to estimate occluded snow cover, but 

these products were not publicly available at the time of this analysis. 
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We used the Landsat Collection 1 fSCA products with the shortest possible temporal offset 

from the corresponding WorldView image acquisition (~2–5 days, Supplementary Table S4). 

The limited temporal offsets should not significantly impact our fSCA comparisons. There were 

no new precipitation events and no large wind events that could have resulted in substantial 

redistribution between Landsat and WorldView collections. The local time of observation for 

Landsat 7/8 was ~10:00 AM local +/− 15 min (Arvidson et al., 2001). The Landsat Collection 1 

fSCA products have all undergone canopy correction post-processing and are thus “on-the-

ground” datasets. Viewable fSCA have since been made available for Collection 2, but these 

products were not released for our sites and acquisition dates at the time of this analysis. 

We expected the canopy-corrected Landsat fSCA products to display greater differences over 

dense vegetation than the viewable MODSCAG fSCA or WV fSCA, although we recognized 

that the magnitude would vary based on the actual view angles for each of these sensors. To 

avoid potential issues related to view angle, we focused our comparisons on “open” areas, 

defined by a fractional vegetation cover product (WV fVeg) for subsequent aggregation. As with 

the WV fSCA products, we used a binary vegetation/non-vegetation classification approach 

followed by average downsampling to match coarser resolution fSCA product grids. Open areas 

were designated as pixels where WV fVeg < 25% and densely vegetated areas as pixels where 

WV fVeg ≥ 25%, broadly following the canopy-cover-density classes used by McGrath et al. 

(McGrath et al., 2019). 

We also compared per-pixel fSCA values for completely snow-free (0% fSCA) or 

completely snow-covered (100% fSCA) pixels to assess snow detection performance. This 

approach was adopted to minimize the impact of mixed pixels for fSCA comparison at the coarse 

sensor resolution, with the presence of only the snow endmember or complete absence of the 

snow endmember. Accurately detecting snow absence (i.e., completely snow-free pixels) is 

integral to calculating snow disappearance dates and constraining the surface albedo evolution 

for energy balance and hydrologic models (Nolin et al., 2021). Compared to intermediate fSCA 

(0% < x < 100% fSCA) values, we expected good agreement between the three fSCA products 

for completely snow-free and completely snow-covered pixels. 
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2.5 RESULTS 

2.5.1 Single-Scene Model Performance 

The 10-fold cross-validated F-scores using the validation sets from the training data 

discussed in Section 3.2.4 show that the single-scene models generated accurate classifications 

with all model configurations, attaining F-scores of 84% or higher (Supplementary Table S2). 

The models trained with 8-band MS inputs (e.g., M7–M10 in Supplementary Table S2) 

displayed the highest accuracy (F-scores > 99%), with minimal class confusion and both 

precision and recall scores nearing 100%. Figure 2.4 shows the classification results for two of 

the base 8-band MS single-scene models (M7 and M17 in Supplementary Table S2) for each 

study site. 
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Figure 2.4. (a) Color-infrared WorldView-3 (WV-3) images acquired on 20 May 2015 over the North 

Cascades site and (b) 26 March 2019 over the Grand Mesa site. Corresponding land cover classification 

maps from random forest models (c) M7 and (d) M17 (see Supplementary Table S2). Zoomed insets show 

detail for corresponding outline colors in (a)–(d). 

In general, the snow, shaded snow, and vegetation classes were correctly classified (e.g., 

Figure 2.4). Exposed surfaces, cloud, and water classes were the most common feature classes 

for which the pixels were incorrectly classified (i.e., errors of commission). These misclassified 

pixels were located most often at the boundaries of feature classes (e.g., pixels between snow and 

exposed ground misclassified as cloud cover) and in dark, shaded areas with low reflectance 

values (which were misclassified as surface water). 

The limited band models (e.g., M1–M6 in Supplementary Table S2) consistently produced 

lower classification accuracies than the models that included all eight MS bands (e.g., M7–M10 

in Supplementary Table S2). The models trained with a single spectral band and normalized 

indices (i.e., PAN_VW, coastal_V, and coastal_VW, such as in M1–M3 in Supplementary Table 

S2) performed comparably with the models trained on data stacks without normalized indices 

(e.g., M4, M5 in Supplementary Table S2). 

2.5.2 Single-Scene Feature Importance 

Feature importance tests for the varying single-scene model data stack inputs indicated that 

the coastal blue and NDVI inputs were important for both study sites (Figure 2.5). When 

restricting the model training stacks to these two inputs, the classifications were less accurate 

than the 8-band MS models, but still performed quite well (F-scores: 97.7% vs. 99.8%). The 

models with five or fewer input layers relied more heavily on individual inputs than the models 

with more than five inputs. 
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Figure 2.5. Permutation importance (mean decrease in accuracy [MDA]) for single-scene models with 

variable input data layer configurations (Table 2.2) using images acquired on (a) 20 May 2015 at the North 

Cascades site and on (b) 26 March 2019 at the Grand Mesa site. NDVI is consistently important (as is the 

NIR2 band, especially in the absence of NDVI), and the coastal blue band is important compared to other 

multispectral (MS) bands. 

We observed different feature importance proportions for the two sites. The RGB models for 

the North Cascades site showed that blue and red inputs were more important than the green 

input, while the RGB models for the Grand Mesa site showed the opposite. What is additionally 

noteworthy is the apparent importance of the coastal blue input in the Grand Mesa models for 

several different data layer configurations. 

2.5.3 Model Transfer and Generalization 

Single-scene models for the North Cascades and Grand Mesa sites (M7 and M17, 

respectively, Supplementary Table S2) were capable of limited generalization. The best model 
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performance was observed when classifying a different image acquired for the same site during a 

similar time of year (i.e., the second image from an in-track stereopair for a model trained on the 

first image). As anticipated, the classification accuracy decreased when models were transferred 

and applied to images from different locations (Figure 2.6). 

 
Figure 2.6. Aggregated results of the model transfer experiments presented in Supplementary Table S3 (the 

second image of an in-track stereopair, in-region images from the same site as the model, and out-of-region 

images from a different site than the model) for the: (a) 20 May 2015 North Cascades base model (M7) and 

(b) 26 March 2019 Colorado Grand Mesa base model (M17). Weighted macro average F-scores are shown 

for individual feature classes. The expected similarity of images to model training data decreases 

nonlinearly from left to right. 

The models applied to the second image of an in-track stereopair (e.g., E1, E8, E15, and E22 

in Supplementary Table S3) were the most accurate (F-scores: 96.5% in the North Cascades and 

72.8% in Grand Mesa for M7 and M17 models, respectively) while the models applied to the in-

region images (e.g., E2, E3 in Supplementary Table S3) had the second highest accuracy (F-

scores: 94.3% in the North Cascades and 63.9% in Grand Mesa). Figure 2.6 shows the F-scores 

by feature class, ranging between 50.7–98.7% for the second image of an in-track stereopair, and 

much more widely (F-scores: 0–98.1%) for the other tests. The Grand Mesa model showed a 

good out-of-region performance for illuminated snow (average F-score: 89.7%), while the North 

Cascades model did not perform as well (average F-score: 46.1%). 
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The multiple-scene model (M101 in Supplementary Table S2), built from WV-3 images over 

both the North Cascades and Grand Mesa sites, performed better than any of the 8-band MS 

single-scene models for out-of-region transfer (Supplementary Figure S2, Supplementary Table 

S3). However, single-scene models produced more accurate classifications than multiple-scene 

models when employed in-region (Supplementary Figure S2), that is, for the second image of a 

stereopair or an image acquired on a different date for the same site. Based on the higher in-

region transfer accuracy and single-scene stack accuracy presented in Section 4.1, we used the 8-

band MS single-scene models (e.g., M7, M17, M27, M128, and M138 in Supplementary Table 

S2) for subsequent snow classification and fSCA comparisons. 

2.5.4 Snow Classification Comparisons 

2.5.4.1 Qualitative Assessment of fSCA Difference 

When compared to the downsampled WV fSCA products (Figure 2.7), both the Landsat and 

MODSCAG products showed higher fSCA values (e.g., Figure 2.7, middle and bottom rows in 

blue) near areas classified as vegetation. The MODSCAG fSCA products showed differences in 

fSCA estimates over large areas classified as snow (Figure 2.7). The largest fSCA differences 

were observed for the Grand Mesa site, where MODSCAG had higher fSCA values both on and 

off the mesa, and lower fSCA values on adjacent slopes. 

 
Figure 2.7. Selected snow classification comparison results for the North Cascades site (top row: 20 May 

2015, middle row: 24 April 2018) and Grand Mesa site (bottom row: 26 March 2019). (a) WorldView 
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color-infrared context image, (b) land cover classification map and (c) binary snow cover map, (d) Landsat 

fractional snow-covered area (fSCA), (e) WV fSCA for Landsat grid, (f) MODSCAG fSCA, (g) WV fSCA 

for MODIS grid. Difference maps of fSCA values for (h) WV fSCA subtracted from Landsat fSCA in 

Landsat grid, and (i) WV fSCA subtracted from MODSCAG fSCA in MODIS grid with (j) corresponding 

histograms. Missing data shown in black for all panels. 

Due to the nature of the available VHR in-track stereo collections, most of the images in this 

study had mean off-nadir viewing angles larger than 20° (Table 2.1), which can result in 

occlusions near trees and high-relief terrain. Comparisons of the per-pixel fSCA values with only 

the smallest mean off-nadir viewing angle image (CATID: 104001000CB3D400, off-nadir 

viewing angle: 6.9°) showed smaller fSCA differences (Supplementary Figure S3). 

Supplementary Figure S3 shows individual difference maps and histograms for all the 

comparisons in Supplementary Table S4. 

2.5.4.2 Quantitative Assessment of Aggregated fSCA Difference  

The aggregation of all fSCA difference products for both sites and all time periods 

(Supplementary Figure S3) showed good agreement between the coarse resolution fSCA 

products and the downsampled WV fSCA products (Figure 2.8). In the aggregate, the median 

difference was 0% for both Landsat fSCA and MODSCAG fSCA, but both products had slightly 

positive mean fSCA differences (Landsat mean of 14% and MODSCAG mean of 7%; 

Supplementary Table S5, Figure 2.8). 

Further analysis over open the areas defined using the WV fractional vegetation cover (WV 

fVeg < 25%, see Section 2.4.2.7) showed no median difference (0%) between Landsat and WV 

fSCA and a small negative median difference (−2%) between MODSCAG and WV fSCA 

(Figure 2.8, Supplementary Table S5). Over dense vegetation (WV fVeg ≥ 25%), both Landsat 

and MODSCAG fSCA (Figure 2.8, Supplementary Table S5) showed higher median difference 

values (Landsat median of +25% and MODSCAG median of +5%). While the measures of 

spread were relatively stable for MODSCAG fSCA (~20–25%), the standard deviation and 

interquartile range (IQR) of the fSCA difference values was much lower for the Landsat fSCA 

estimates over open areas compared to densely vegetated areas (SD—19% vs. 35% and IQR— 

4% vs. 62%, respectively). 
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The analysis of the completely snow-covered pixels (100% fSCA) showed that both Landsat 

and MODSCAG fSCA products identified more snow-covered pixels than WV fSCA 

(Supplementary Table S6). Out of the 26,315 valid fSCA values for the common MODSCAG 

grid, MODSCAG identified 3418 pixels with 100% fSCA, while WV identified 257 pixels with 

100% fSCA. In other words, MODSCAG overestimated the number of snow-covered pixels by a 

factor of 13.3. Out of the 4,515,817 valid fSCA values for the common Landsat grid, LS 

identified 2,090,153 pixels with 100% fSCA while WV identified 927,935 pixels—LS 

overestimated the number of completely snow-covered pixels by a factor of 2.3. 

Analysis of the completely snow-free pixels (0% fSCA) showed that MODSCAG identified 

2.7 times as many pixels as WV (MODSCAG—5717; WV—2139). Conversely, the Landsat 

fSCA products identified nearly the same number of pixels as WV (~0.8×; LS—1,165,256; 

WV—1,416,735), slightly underestimating the number of snow-free pixels. 
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Figure 2.8. Aggregated statistics for all fractional snow-covered area (fSCA) comparisons (Supplementary 

Table S4, Supplementary Figure S3). Top row shows histograms of fSCA for (a) Landsat grid, (b) MODIS 

grid. Middle row shows histograms of per-pixel fSCA difference for (c) WV fSCA subtracted from Landsat 

fSCA in Landsat grid, and (d) WV fSCA subtracted from MODSCAG fSCA in MODIS grid. Bottom row 

shows corresponding histograms of fSCA difference values when separated by vegetation density (WV 

fVeg) for (e) Landsat and (f) MODSCAG. Bin size is 5% fSCA for all panels and all histograms are 

normalized by bin height so that the integral sums to 1. 
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2.6 DISCUSSION 
VHR land cover classification maps with short repeat time intervals can enable quantitative 

analyses of rapidly changing landscapes. These detailed maps can be used to delineate feature 

classes of interest (e.g., snow, vegetation, and exposed surfaces), track their evolution, and 

evaluate/improve the accuracy of coarser land cover and snow cover products. Beyond these 

tasks, accurate single-scene land cover classifications offer valuable, dense labels for training 

deep learning models (Sun et al., 2017). 

2.6.1 Single-Scene Models 

Our results show that the single-scene random forest model configurations produced accurate 

snow and land cover classification maps using WV images for both study sites. Despite the 

higher resolution and fewer mixed pixels compared to the coarser resolution products, the 

qualitative assessment of the WV classifications indicated that the misclassification of mixed 

pixels (e.g., pixels along two feature class boundaries) remains a challenge. The feature 

importance tests highlighted the importance of the NDVI input across the single-scene models 

trained at each of the sites. At both sites, the limited band models produced classifications with 

accuracies comparable to those produced by the 8-band models. This suggests that despite the 

limitations in multispectral coverage, sensors with high radiometric quality and fine spatial 

resolution may still produce broad land cover classifications at accuracies that compete with 

more extensive spectral coverage. 

Despite attempts to define small, well-distributed training data polygons, the semivariogram 

tests for each feature class indicated that the reflectance values and single-scene accuracy 

assessments were affected by spatial autocorrelation in the training data. The common practice of 

using a random cross-validation approach for our single-scene accuracy assessments resulted in 

inflated accuracy scores of >99%, as has been documented elsewhere (Ploton et al., 2020). To 

gauge the impact of this spatial autocorrelation, we created a separate set of test polygons spaced 

several hundred to several thousand meters from the initial polygons. Using the original models 

to classify these test polygons (Supplementary Figure S4), new accuracy assessments indicated 
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F-scores of ~94% for the North Cascades model (M7) and ~82% for the Grand Mesa model 

(M17), which are more representative of the models’ performance. 

2.6.2 Model Transfer and Generalization 

In the model transfer tests, single-scene models performed well on similar images (i.e., 

similar physiography and illumination conditions) but did not generalize well to out-of-region 

images. The differing performance between the models (Section 0) can be attributed to the 

differences in the acquisition dates, the number of feature classes, and terrain-induced spectral 

variability within the feature classes. The topography of Grand Mesa and its influence on snow 

distribution may have also contributed to the differences in spectral variability of the training 

data and resulting model transfer. The consistently strong performance of the Grand Mesa model 

for classifying illuminated snow (Figure 2.6, F-scores > 87%) could have resulted from capturing 

a wider range of spectral variability for the illuminated snow class over open, windblown 

surfaces on the mesa. Its consistently poor performance in classifying both in-region and out-of-

region shaded snow (Figure 2.6; F-scores < 20%) could have arisen from a smaller range in 

spectral variability due to the relative scarcity of shaded snow in the Grand Mesa images. 

Overall, the transfer tests using the multiple-scene model showed better performance across 

for both sites than the single-scene models transferred to out-of-region images (Supplementary 

Figure S2). However, the single-scene models still outperformed the multiple-scene models 

when deployed in the same physiographic region as the model training site (Supplementary 

Figure S2). Both single-scene models (M7 and M17) had strong in-region performance, 

outperforming the multiple-scene model (M101), and possessed differing feature importance 

metrics, suggesting that regionally specific models may be more attainable than a global model 

(Hermosilla et al., 2022) when seeking strong generalization performance and accurate 

classification. 

Our feature importance analysis (Section 2.4.2.3) also showed differences between sites, 

especially for the coastal blue band, the NIR2 band, and the NDVI inputs. The apparent 

importance of the coastal blue band across the model configurations could be partially related to 

the susceptibility of this shorter wavelength band (397–454 nm) to downwelling scattering and 
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increased reflected path radiance, especially from neighboring snow pixels, which are not 

accounted for in the TOA reflectance values. 

Although it should have minor impacts on the variation of reflectance within the feature 

classes, atmospheric corrections to obtain surface reflectance (rather than top-of-atmosphere 

reflectance) may help reduce some variability in the absolute feature class reflectance values 

between images. Additionally, corrections for the topographic, view, and illumination effects are 

important in areas of rugged terrain (Lamare et al., 2020; Qiu et al., 2019) and may help to 

reduce reflectance variability within feature classes for improved model generalization and land 

cover classification. Using a hierarchical series of binary classifiers (Ham et al., 2005) rather 

than a single classifier for multiple feature classes could also improve model generalization by 

simplifying the classification tasks. 

2.6.3 Snow Classification Comparisons 

The VHR snow cover (SCA and fSCA) observations currently offer the finest spatial 

resolution products available for our study sites and may serve to complement coarser fSCA 

products with a better temporal resolution, spatial coverage, and historical archives. Our 

aggregate analyses showed good agreement between both the Landsat and MODSCAG fSCAs 

when compared to the WV fSCA over open areas. The Landsat fSCA had a particularly small 

IQR while both coarser resolution products had near-zero median differences. Larger off-nadir 

view angles arising from the in-track stereo collection strategy impacted WV viewable snow 

cover near trees and in areas of high relief, just as with oblique perspectives near the edges of the 

MODIS swath and corners/edges of the Landsat images (Rittger et al., 2020; Xin et al., 2012). 

This means that despite good overall agreement in the viewable snow cover, both the 

MODSCAG fSCA and WV fSCA underestimated the true amount of snow cover in the areas of 

dense vegetation due to occlusions. These findings highlight the significance of sensor view 

angle impacts for forest-snow analysis (Pestana et al., 2019) as well as the importance of 

adjusting for canopy cover (Rittger et al., 2020) to accurately estimate snow cover using 

MODIS. Future efforts to minimize off-nadir acquisition geometry and implement canopy 

corrections for VHR images could improve overall snow-cover-mapping accuracy. 
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The assessment of completely snow-free (0%) and completely snow-covered (100%) fSCA 

values showed that both coarser resolution products overestimated the number of completely 

snow-covered pixels (LS: ~2×; MODSCAG: ~13×), suggesting that despite the near-zero median 

per-pixel differences, the coarser products evaluated here tended to overestimate the total 

fractional snow cover for the full scene. While the MODSCAG products also overestimated the 

completely snow-free pixels to a lesser extent (~2.7×), the Landsat fSCA products more 

accurately identified these pixels and only slightly underestimated the number of snow-free 

pixels (~0.8× as many pixels as WV fSCA). Our initial analysis suggests that the Landsat fSCA 

may better characterize both completely snow-covered pixels and completely snow-free pixels 

than the MODSCAG fSCA, though a more detailed consideration of viewable vs. canopy-

corrected products for additional sites/times is warranted. Fusion products leveraging the spatial 

resolution of satellites such as Landsat and Sentinel and the temporal coverage of sensors such as 

MODIS and VIIRS [78,90,91] may offer further improvements. These approaches could reduce 

snow-cloud discrimination errors, provide finer resolution observations on shorter timescales, 

and generate a longer and denser time series for evaluation. While not evaluated here, the VIIRS 

binary snow cover products posted at 375 m (Hall et al., 2019) and the spectral unmixing 

fractional snow cover products posted at 1 km (Rittger et al., 2021) may provide continuity for 

daily global snow observations as MODIS is decommissioned. 

2.6.4 The Need for Fine-Scale Snow Cover 

Fine-scale remote sensing observations are needed to accurately monitor changes in snow 

cover at critical locations and times. Along with the spatial boundaries of different land cover 

classes (e.g., near forest edges and within forest gaps), observing seasonal boundaries is also 

important. In late summer, sparse snow cover in the form of snow patches and drifts (Macander 

et al., 2015; Parr et al., 2020) support plant communities, maintain alpine meadows (Billings & 

Bliss, 1959), and can be used as indicators of climate change (Watson et al., 1994). In addition to 

shaping plant species diversity and distribution, snow patches can determine the timing and 

quantity of hydrologic and nutrient inputs (Björk & Molau, 2007; Marshall et al., 2019; Zong et 

al., 2022). 
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These patches can have outsized impacts, but can be challenging to observe with spaceborne 

sensors, which can result in inaccurate hydrologic modeling outputs. Budd Creek, an ephemeral 

stream in California’s Sierra Nevada range, surrounded by granite peaks, exemplifies this issue 

(J. Lundquist, personal communication). Draining a northeastern cirque, late season streamflow 

in Budd Creek is sustained by snow-filled fissures and adjoining snow drifts. Small patches of 

snow are not easily detectable by 500 m MODSCAG fSCA products (Hao et al., 2019; Rittger et 

al., 2021), as they likely occupy small percentages of any given pixel. Though The Landsat 

fSCA products offer an improvement by showing later snow disappearance dates, these products 

are also unable to detect snow later in the season as Budd Creek continues flowing. 

The fine-scale snow mapping approaches presented in this work could provide the 

observations necessary for detecting these small, ecosystem-sustaining snow patches. As the 

climate continues to warm, these outliers of late snow disappearance may grow in 

ecohydrological importance, controlling biotic range shifts and buffering temperature 

fluctuations to become the climate refugia of the future (Dobrowski, 2011; Ford et al., 2013; 

Lundquist & Flint, 2006). 

2.6.5 Limitations and Considerations 

One of the greatest strengths of WorldView-2 and WorldView-3 images—fine resolution—

also presents one of the largest challenges for model transfer. The spatial variability of 

reflectance values for most surfaces is inherently linked to the spatial (and radiometric) 

resolution of the image. Though small pixels result in less spectral mixing from fewer feature 

classes in each pixel, there is also a wider range of reflectance values within each feature class. 

In other words, where unmixing methods are needed for other images, the WorldView-2 and 

WorldView-3 images can capture detailed surface properties—whether the snow is clean or 

dirty, whether the exposed surfaces are rock or soil, whether the trees are coniferous or 

deciduous, etc. 

When aggregating these features with broad labels (i.e., snow, vegetation, and exposed), each 

feature class then contains more diverse values than what is observed and observable with 

coarse-resolution sensors. This makes a wide-ranging coverage of feature class representation an 



 

 37 

important consideration when generating training data for machine learning models. A two-stage 

approach would likely improve model transfer, employing an initial evaluation stage to focus 

classification efforts in generating large datasets that more adequately represent intra-class 

heterogeneity. Generating synthetic datasets based on these datasets by systematically perturbing 

values for each band (i.e., data augmentation) may also improve generalization. 

While the relatively high accuracy of these simple random forest model configurations for a 

handful of land cover classes is encouraging, validation sets need to be made more rigorous for 

the widely varying reflectance within feature classes. One approach is to assign labels pixel by 

pixel rather than by polygons. While more efficient, polygon-based delineation potentially 

captures more uniform spectral reflectance within a polygon than a comparable number of 

randomly selected, individually labeled pixels. A preferable compromise may be to use a patch 

of pixels with a standard size to randomly select batches of single feature classes to label. 

Furthermore, stratifying the training and test sets via block cross-validation is recommended to 

eschew biased non-spatial cross-validation in the accuracy assessments (Roberts et al., 2017). 

The wide range and variability of observable reflectance values in our VHR images suggests 

that feature class expansion (more and narrower classes) could improve model accuracy, though 

potentially at the expense of model generalization. In other words, the number of feature classes 

needs to increase to manage larger ranges in the individual pixel reflectance values arising from 

a finer pixel resolution. In the case of accurately mapping small snow patches and snow 

boundaries, enumerating more targeted feature classes is preferable as there will be a larger 

proportion of boundary pixels with more distinct spectral signatures than those found in spatially 

contiguous areas of open snow. Extra care and attention in the training data curation is needed 

for areas with a rapidly changing snow presence (e.g., wind-scoured landscapes, ablation near 

the snowline during spring, etc.). 

Traditional approaches rely on expert knowledge or unsupervised methods, which present 

challenges to including more training data. While the size of each VHR image (108–109 pixels 

per band for 1.2 m WorldView-3 MS products) precludes manually labeling each pixel, 

unsupervised methods such as spectral clustering can result in dozens of clusters within a single 
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feature class that still require manual aggregation and labeling (Bair et al., 2020). Though there 

are existing datasets that could be used to derive land cover feature class labels, such as the 30 m 

National Land Cover Database (Dewitz, 2021), these products are too coarse, outdated, or 

insufficiently labeled (i.e., they do not capture or represent seasonal snow or clouds as thematic 

classes) for our purposes. Potential solutions to the “training data bottleneck” include crowd-

sourcing methods (Deng et al., 2009), attempts to adapt pre-existing labeled datasets (Sumbul et 

al., 2019), and weak labeling approaches (Zhou, 2018). The deep learning approaches developed 

by Cannistra et al. (Cannistra et al., 2021) and John et al. (John et al., 2022) produce binary snow 

cover maps from 3 m PlanetScope imagery using convolutional neural networks trained on 

thresholded aerial lidar snow-depth products. As mentioned earlier, the training requirements for 

neural networks greatly exceed those for random forest models—Cannistra et al. (Cannistra et 

al., 2021) trained their models on 370 million pixels compared to our ~65,000 samples per land 

cover class (~400,000 training pixels per model). Regardless of the machine learning approach 

applied, sufficiently representative and accurate training data labels for land cover beyond the 

built environment remains the primary challenge for accurate VHR optical land cover 

classifications. 

A lesser confounder for model classification and transfer has been the magnitude and 

distribution of saturated pixels in the input data stack layers. In every combination of input 

layers, saturated regions in some bands have resulted in misclassification of the regions with 

extremely bright snow as clouds and vice versa. Dai and Howat (Dai & Howat, 2018) 

documented these saturation “striping” issues in the Level-1B WorldView images that can 

propagate to land-cover classification outputs. Though a few of our images were affected by 

these issues (Supplementary Figure S5), we observed limited impacts, such as classifying areas 

of relatively uniform snow features in one strip as ‘shaded snow’ and in another strip as 

‘illuminated snow’. 

To develop robust pixel-based models capable of accurately classifying multiple land-cover 

classes in VHR images from different seasons, locations, and illumination conditions, we 

recommend exploring: 
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1. Improved preprocessing routines to obtain reliable absolute-surface-reflectance 

values for inter-image comparison; 

2. A larger library of training data (i.e., more labeled images to cover the range of 

reflectance values within each class); 

3. Simplified classification via hierarchical binary models; 

4. Regionally specific models over global models. 

These improved models can then be deployed for operational seasonal-snow monitoring, 

which in turn will offer a growing library of training data from which to adaptively improve the 

models. Adopting approaches from the field of computer vision for remote-sensing science 

transcend employing the latest machine learning techniques and algorithms. As we strive to 

imbue domain relevance and physical meaning into model assessment metrics, we must also 

generate benchmark datasets, training sets, and create baseline models upon which we can iterate 

and improve as a community. 

2.6.6 Operational Potential of WorldView-2 and WorldView-3 Snow Cover Products  

Operational snow cover products need to be timely, accurate, reliable, and accessible (Carroll 

et al., 2001; Hall et al., 2002). We demonstrated that the accurate pixel-based classification of 

snow in WorldView-2 and WorldView-3 images is possible without SWIR bands, but our 

current models are limited in their generalizability. Figure 2.9 shows the cloud-free archive of 

WV-2 and WV-3 images collected between 2009 and 2020 for the Western U.S, which can 

potentially provide such a sample of seasonal snow cover across the region. 

It is important to remember that most VHR satellites are tasked—collecting images for 

predetermined points and areas—and do not constantly acquire regular images over systematic 

paths and rows such as Landsat or Sentinel-2. With strategic tasking for areas of interest at 

critical times of year, VHR images have the potential to provide fine measures of snow cover. 

Furthermore, the in-track stereo collections analyzed here offer two viewing perspectives to 

observe clouds and other feature classes, which can be combined to provide a measure of 

uncertainty characterization for the resulting classification products. Finally, beyond snow cover, 
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the in-track stereo collections can also offer precise snow depth measurements (Deschamps-

Berger et al., 2020; McGrath et al., 2019), enabling many additional applications. 

 
Figure 2.9. Heatmap showing coverage of multispectral WorldView-2 and WorldView-3 images in the 

Maxar archive with less than 25% cloud cover over the mountainous Western United States between 1 Oct 

and 1 Jun for the period spanning 2009 to 2020. Seasonal mountain snow mask adapted from (Wrzesien et 

al., 2019) and non-mountainous areas masked with black overlay. 

2.7 CONCLUSIONS 
Very-high-resolution images from WorldView-2 and WorldView-3 provide new 

opportunities and approaches for the detailed satellite mapping of seasonal snow cover in 

mountainous terrain, with many spectral bands and native image GSDs of 0.31, 1.2 m, and 3.7 m 

for PAN, MS, and SWIR bands, respectively. However, these detailed images involve large data 

volumes that prohibit manual analysis and flexible machine-learning approaches are required for 

large VHR satellite image archives. 

We developed a suite of pixel-based classification models to better understand the potential 

for deriving land cover maps and snow cover products from WV images. We show that there is 

considerable potential for using random forest models to create classification maps (for a subset 
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of priority land cover classes) that can accurately map snow cover to complement and evaluate 

coarser resolution products. Even when limited to a few spectral band inputs, these RF models 

offer a high accuracy for snow, suggesting that images collected at fine spatial and radiometric 

resolutions could overcome limited spectral coverage, provided that the spectral bands are 

strategically located. 

We observed the best model generalization performance for images from the same site and a 

similar time of year, with the highest accuracy in the illuminated snow class and the vegetation 

class for all the transfer tests, especially at the Grand Mesa site. Variability in feature class 

reflectance likely contributed to the poor performance with the attempted out-of-region model 

transfer, and this intra-class variability remains a challenge to developing a single, highly 

accurate, and robust multi-class land cover classification model for VHR images. Such a model 

will likely require larger libraries of training data, simplified feature classes, and potentially 

regional and seasonal specificity. 

Comparisons of the completely snow-free and completely snow-covered WV fSCA pixels 

showed that both the Landsat and MODSCAG fSCA products identified many more completely 

snow-covered pixels when compared to the downsampled WV fSCA products (2× and 13×) but 

that the Landsat fSCA products more closely estimated the number of completely snow-free 

pixels than MODSCAG fSCA (~0.8× vs. 2.7×). Aggregate comparisons of all WV fractional 

snow cover products with coarser resolution fSCA products showed good agreement over open 

areas. The differences in the fSCA over dense vegetation between the three products can be 

partially attributed to differences in the viewing geometry and canopy correction approaches. 

Future snow cover analyses using VHR images should prioritize smaller off-nadir view angles 

and canopy correction to minimize such issues. Regardless, the growing archives of VHR 

satellite images offer potential for global seasonal snow observation, measurement, and 

monitoring efforts as both standalone products and when combined with complementary coarser 

resolution observations. 
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2.8 APPENDIX A  
The following supporting information can be downloaded 

at: https://www.mdpi.com/article/10.3390/rs14174227/s1, Figure S1: Example of training data 

distribution and pixel counts per feature class; Figure S2: Multiple-scene model (M101) 

performance; Figure S3: Individual fSCA difference maps and histograms; Figure S4: North 

Cascades example of training and test polygon distribution and impacts; Figure S5: Saturation 

“striping” example; Table S1: Commercial very-high-resolution (VHR) sensors and products; 

Table S2: Study model configurations; Table S3: Model generalization/transfer test experiments; 

Table S4: Temporal offset between image collections for fSCA comparison; Table S5: 

Aggregated per-pixel fractional snow-covered area difference product statistics; Table S6: 

Completely snow-free and completely snow-covered fSCA pixel comparison.  

https://www.mdpi.com/article/10.3390/rs14174227/s1


 

 43 

Chapter 3. SIX CONSECUTIVE SEASONS OF HIGH-RESOLUTION MOUNTAIN 

SNOW DEPTH MAPS FROM SATELLITE STEREO 

IMAGERY  

3.1 ABSTRACT 
Fine-scale seasonal snow depth observations can improve estimates of snow water equivalent 

at critical times of year. Airborne lidar is the current gold standard for snow depth measurement, 

but it involves high costs and relatively limited coverage. Using very-high-resolution satellite 

stereo images from WorldView-2, WorldView-3, and Pléiades-HR 1A/1B, we produced a six-

year time series (2017–2022) of spatially continuous DEMs for an 874 km2 study area over 

Grand Mesa, Colorado. We generated high-resolution stereo snow depth maps that capture intra- 

and interannual variability and span multiple anomalous years (58–158% of median peak 

SNOTEL snow depth). Comparisons with near-contemporaneous airborne lidar snow depth 

measurements showed good agreement, with median offset of -0.13 m, precision of 0.19 m and 

accuracy of 0.31 m. Our results suggest that satellite stereo can provide snow depth observations 

with the spatiotemporal coverage needed to improve operational forecast models and inform 

adaptive management strategies.  

3.2 INTRODUCTION 
Seasonal snow is a vital component of the climate system and the global hydrological cycle. 

The amount of water in seasonal snowpack can be estimated from snow depth measurements and 

modeled snow density. In mountainous, snow-dominant watersheds, these estimates are needed 

for streamflow forecast modeling and reservoir management. Knowledge of initial hydrologic 

conditions (i.e., snow depth at the beginning of the melt season) drives forecasting skill 

(Anghileri et al., 2016), so timely and spatially distributed observations of snowpack state are 

needed for accurate forecasting and management, especially during anomalous years (Modi et 

al., 2022) and in a changing climate (e.g., Gordon et al., 2022; Marshall et al., 2019). 

Stereo photogrammetry with very-high-resolution (VHR, <1–2 m resolution) optical satellite 

images provides digital elevation models (DEMs) that can precisely measure snow surface 
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elevation. These "snow-on" DEMs offer fine-scale snow depth mapping when differenced with a 

snow-free DEM. Several recent studies demonstrated this potential using Pléiades-HR stereo 

images (0.5 m ground sample distance [GSD]) to produce meter-scale snow depth maps with 

0.45–0.90 m accuracy and 0.35–0.80 m precision (Deschamps-Berger et al., 2020; Eberhard et 

al., 2021; Marti et al., 2016; Shaw, Gascoin, et al., 2020). Maxar’s WorldView-3 and 

WorldView-2 satellites (WV) have 0.31 m and 0.46 m GSD, respectively, and state-of-the-art 

attitude control systems, which can offer improved accuracy for both DEM and derived snow 

depth maps. McGrath et al. (2019) showed that a WV-3 snow depth product had an accuracy of 

0.24 m (RMSE) compared to ground-penetrating radar (GPR) observations.  

Previous satellite stereo snow depth studies were limited to a single snow-on observation, 

except for Shaw et al. (2020), who documented snow depth over two non-consecutive drought 

years in the Andes. While these studies demonstrate that satellite stereo snow depth mapping can 

offer high-resolution "snapshot" observations, further testing and validation is needed to assess 

its repeatability for operational potential. In this work, we prepared and evaluated a 6-year snow 

depth time series from VHR stereo images acquired between 2017 and 2022 to study the detailed 

intra- and interannual spatiotemporal variability of mountain snow depth over a large area. 

3.3 STUDY SITE 
The Grand Mesa, in Western Colorado, is the largest high-elevation, flat-topped mountain in 

the world. It ranges in elevation from 3000 to 3400 meters above sea level, with isolated stands 

of trees that increase in density from west to east (Figure 3.1). The mesa surface has a 

predominantly southwestern aspect and limited surface slopes (median: 3˚. These characteristics 

make Grand Mesa an ideal site to study the influence of vegetation on snow depth, which led to 

its prioritization for multiple NASA SnowEx campaigns (Kim et al., 2017). For the available 18-

year record (water years 2006–2023), the median of peak seasonal snow depth measurements 

was 1.51 m at the Mesa Lakes SNOTEL station (Figure 1). During our six-year study period 

between 2017 and 2022, peak snow depth was 0.86 m (58% of median) in water year (WY) 

2018, 2.36 m (158%) in WY 2019 and within ±0.22 m (±15%) of median for all other water 

years. 
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Figure 3.1 Grand Mesa, Colorado study site. a) Context map. b) Color infrared orthoimage mosaic of four 

WorldView-3 images acquired on 1 February 2017. c) Corresponding stereo DEM composite, covering 858 

km2. Inset shows Google satellite basemap for the Mesa Lakes Snow Telemetry (SNOTEL) site. 

3.4 DATA 

3.4.1 Commercial very-high-resolution satellite data 

We used ten in-track stereo pairs collected by WorldView-2 and WorldView-3 between 1 

February 2017 and 2 March 2022 (Table B 1). Two multi-view stereo collections, each with two 

overlapping in-track stereo pairs, coincided with the SnowEx campaign in February 2017. All 

other collections were acquired within two weeks of 1 April (commonly assumed timing for peak 

SWE) each year. We also processed two Pléiades-HR collections – one Pléiades-HR 1A 

(PHR1A) stereo pair from 31 March 2020 and one Pléiades-HR 1B (PHR1B) stereo pair from 31 

March 2021. The WorldView collections covered 710–1200 km2 while the Pléiades-HR 

collections covered 217–400 km2 (
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Figure B 1). 

3.4.2 Land cover maps 

Land cover maps (1.2–2.0 m GSD) were prepared from the WV multispectral images 

following the methodology outlined in Hu & Shean (2022) and used during DEM evaluation, co-

registration, and filtering. We also used fractional snow-covered area (fSCA) products from the 

daily gridded MODIS Snow Covered Area and Grain size (MODSCAG) dataset (Painter et al., 

2009). 
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3.5 REFERENCE AND VALIDATION DATASETS 

3.5.1 Airborne lidar data 

We used the Mesa and Delta County airborne laser scanning (ALS) data from the U.S. 

Geological Survey 3D Elevation Program (3DEP) to generate snow-free reference DEMs. 

Flights over Mesa County occurred 13-14 July 2016, while flights over Delta County occurred 

between 19 February 2016 and 31 October 2016.  

We used two 3 m airborne lidar snow depth datasets collected by the Airborne Snow 

Observatory (ASO; Painter et al., 2016) on 8 February 2017 and 25 February 2017 (Painter et al., 

2018) for comparison with the stereo snow depth products. The ASO flights covered 340 km2 

(Figure 3.1c).  

3.5.2 In situ validation data 

During the 2017 Grand Mesa SnowEx campaign, field teams measured snow depth using 

snow pits (Elder et al., 2018), probe transects (Brucker et al., 2018), ultrasonic arrays (Jennings 

et al., 2018), and GPR (Webb et al., 2019) . We used daily averages of the SnowEx ultrasonic 

measurements collected with a 15-minute sampling interval. All other in situ measurements were 

collected 6–9 days after the 1 February 2017 WV-3 stereo collection and 1–3 days before the 26 

February 2017 WV-3 stereo collection (Table B 2). The longer time offsets (47 to 64 days) 

between the SnowEx 2020 campaigns (27 January to 13 February 2020) and the 31 March 2020 

WV stereo collection precluded direct comparison. 

We also analyzed daily snow depth measurements from ultrasonic sensors at the Mesa Lakes 

(622) and Park Reservoir (682) SNOTEL stations (Figure 3.1c) for the full study period. 
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3.6 METHODS 

3.6.1 Stereo processing and DEM generation 

3.6.1.1 Snow-on stereo DEM generation 

We used the NASA Ames Stereo Pipeline (ASP; Beyer et al., 2018; D. E. Shean et al., 2016) 

to produce DEMs for all possible stereo pairs in Table B 1 following the methodology outlined 

in Bhushan & Shean (2021), with output DEM posting of 3 m to match the ASO lidar snow 

depth products. In-track stereo images were acquired approximately 50–75 seconds apart along 

the same orbit. We also processed all possible combinations of same-day cross-track pairs for 

each multi-view collection (Section 3.4.1, Table B 1). For each of these dates, we produced an 

initial per-pixel median composite, used the dem_align.py utility in the demcoreg package 

(D. Shean et al., 2021) to align each DEM to the initial composite, and then used the ASP 

dem_mosaic utility to produce a refined per-pixel median composite. 

3.6.1.2 Snow-free reference DEM generation 

We used the Point Data Abstraction Library (PDAL Contributors, 2022) to process the ALS 

data. We reprojected the snow-free ALS point clouds to a UTM 12N coordinate system 

(EPSG:32612) with heights above the WGS84 Ellipsoid. We filtered outliers and removed points 

classified as low noise (class 7), high noise (class 18) or water (class 20). We used the ASP 

point2dem utility to produce a lidar digital surface model (DSM) from first (or only) returns 

and a digital terrain model (DTM) from ground returns (class 2) using the weighted average of 

point elevation values within a 1-meter search radius of each 1-meter output grid cell. 

3.6.2 DEM co-registration 

We used the iterative co-registration approach described by (Nuth & Kääb, 2011) and 

implemented in dem_align.py in the demcoreg package (D. Shean et al., 2021) to align 

the snow-on stereo DEMs with the snow-free reference DTM.  

We developed and tested the following co-registration approaches: "all-surface," "stable-

surface," and "two-stage." The all-surface approach used all surfaces (including vegetation and 
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snow cover) common to both the snow-on and snow-free reference for horizontal and vertical 

alignment. The stable-surface approach limited the alignment to exposed, snow-free asphalt 

pixels over paved and plowed roads, identified in the WV land cover products. The two-stage 

approach we applied the horizontal translation from the all-surface approach, and then removed 

the median vertical offset computed over stable surfaces. 

3.6.3 Snow depth derivation 

We generated elevation difference maps by subtracting the snow-free reference DTM from 

the co-registered snow-on stereo DEMs. To distinguish snow-free from snow-covered areas, we 

prepared binary snow and vegetation masks from the contemporaneous multispectral land cover 

maps (section 3.4.2), and binary snow masks from daily MODSCAG fSCA products using a 

20% threshold (2x detectable fSCA limit of 10%; Painter et al., 2009) when multispectral land 

cover maps were unavailable. We used a range filter to remove elevation difference values less 

than -0.3 m or greater than 10 m, similar to the filtering approaches in (Grünewald et al., 2013) 

and (Deschamps-Berger et al., 2020). We then used a 2D Gaussian filter (3x3 pixel, 1 sigma) to 

smooth any residual noise in the snow depth products. In total, we prepared eight snow depth 

maps from the stereo DEMs available between 2017 and 2022 (Table B 1). 

3.6.4 Evaluation 

We subtracted the reference ASO snow depth from the WV snow depth values at all 3 m 

pixels within the common 210 km2 intersection area for two periods: "early February" (WV 1 

February 2017 vs. ASO 8 February 2017) and "late February" (WV 26 February 2017 vs. ASO 

25 February 2017). We also sampled the stereo and ASO snow depth rasters at the locations of 

all in situ measurements (Table B 2) using bilinear interpolation and subtracted the reference in 

situ snow depth values. 

For each observation 𝑖 of 𝑁 total observations, we computed the difference (∆𝑆𝐷)) between 

the measured snow depth (𝑆𝐷4 )) and the reference snow depth (𝑆𝐷)). We report the median 

(𝑚𝑒𝑑(∆𝑆𝐷), offset), normalized median absolute deviation (NMAD, precision, Eq. 3.1), and 
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root mean squared error (RMSE, accuracy, Eq. 3.2), of the observed stereo snow depth residuals 

for each validation dataset. 

 𝑁𝑀𝐴𝐷 = 1.4826 × 	𝑚𝑒𝑑(|∆𝑆𝐷) −𝑚𝑒𝑑∆78|)  (3.1) 

 𝑅𝑀𝑆𝐸 = 	E9
0
F∑ 𝑆𝐷4 ) −	𝑆𝐷)0

):9 H;  (3.2) 

 
We also performed a detailed analysis for the "Mesa Lakes SNOTEL evaluation area" 

(MLSEA) – a representative 136 km2 area on the mesa surface within ±100 m elevation of the 

Mesa Lakes SNOTEL site (Figure 3.1c). For each stereo snow depth product, we computed the 

median and spread (defined by the 16th to 84th percentile) over a common valid data region 

(~1.81x106 pixels) in the MLSEA and compared with the corresponding daily SNOTEL snow 

depth observations.  

In addition to the above snow depth evaluation metrics, we computed the median and NMAD 

of residuals over exposed stable terrain (paved roads, Figure B 2), where snow depth should be 0 

m (e.g., Hugonnet et al., 2022; Pelto et al., 2019). We are unable to report similar metrics for the 

ASO snow depth products, as all values over exposed road surfaces are manually set to 0 m 

(Deschamps-Berger et al., 2020).  

To study measurement repeatability and interannual snow depth variability, we prepared a 

per-pixel median snow depth composite and per-pixel standard deviation map using the six 

stereo snow depth rasters closest to peak SWE timing in each year. 

 

3.7 RESULTS 

3.7.1 Snow depth spatial and temporal variability 

We observe greater snow depth toward the east side of the mesa, where forest density is 

higher, compared to the exposed west side of the mesa (Figure 3.2). The stereo products provide 

snow depth retrievals in canopy gaps as small as 400 m2 (less than half of a 30-m Landsat-8/9 
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pixel). In general, we observe greater snow depth within canopy gaps than in adjacent open 

areas. We also observe greater snow depth on steeper slopes within a few kilometers beyond the 

mesa edge, and thinner snow depth at lower elevations surrounding the mesa.  

 

Figure 3.2 a) Per-pixel median composite b) count, and c) standard deviation for the six-year time series of 

peak snow depth products from satellite stereo DEMs. Insets 1 and 2 show detail of spatiotemporal 

variability for drifts near the mesa edge and a forest stand. 

The six-year per-pixel median snow depth composite reveals areas of recurring snow depth 

patterns including deep drifts in local depressions, near dams, near the edges of forest stands, and 

below steep scarps (Figure 3.2). The thin snow near mesa edges and other areas of relatively low 

median snow depth (e.g., dam embankments) had low interannual standard deviation, while areas 

of higher median snow depth tended to have greater variability. 

The stereo time series provides intra- and interannual measurements of snow depth (Figure 

3.3). Repeat measurements also capture the characteristic spatial distribution of snow depth for 

the study site, which can be used to assess and identify issues with individual measurements. For 
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example, we identified systematic artifacts in the 2021 PHR1B products (Figure 3.3b, Figure B 

3), which we excluded from analysis in sections 3.7.2 and 3.7.2.2. 

In general, we observed a consistent spatial distribution of relative snow depth magnitude 

over the six-year period. However, the time series also reveals deviations from this spatial 

pattern, especially during extreme snow years (e.g., 2018 and 2019), which contributes to the 

observed interannual variability shown in Figure 3.2. For example, in the high snow year of 

2019, areas with relatively high characteristic snow depth had proportionally more snow than 

areas with relatively low snow depth. 

 

Figure 3.3 a) Time series of intra- and interannual stereo snow depth products generated from WorldView-

2 (WV-2), WorldView-3 (WV-3), and Pléiades-HR (PHR1A, PHR1B) images. b) Detail of the Mesa Lakes 

SNOTEL evaluation area. c) Time series showing median (circles) and 16–84\% spread (bars) of stereo 

snow depth values within the area shown in b. Solid lines show SNOTEL daily snow depth. d) Detail of 

February 2017 stereo and ASO observations with solid lines showing SNOTEL daily snow depth as in c. 
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3.7.2 Stereo snow depth evaluation 

3.7.2.1 Exposed, snow-free stable surfaces 

We evaluated measurement repeatability by examining elevation difference values over 

stable surfaces in the MLSEA (Figure B 2). The February 2017 multi-view stereo products had 

the best precision (lowest NMAD values), while the 2019 stereo product had the largest vertical 

offset and worst precision (highest NMAD values), potentially due to some combination of 

stereo acquisition geometry and local snow conditions near plowed roads. Overall, the median 

and NMAD of elevation differences over stable surfaces (n = 5,899–7,120 pixels) ranged from 

0.05–0.22 m and 0.17–0.38 m, respectively, for the 7 stereo products with limited artifacts 

(Figure B 2). Thus, we observe decimeter-scale precision over multiple years, providing 

confidence in measurement repeatability in both low and high snow years. 

3.7.2.2 SNOTEL comparison 

The median peak annual stereo snow depth in the MLSEA generally agreed with snow depth 

measurements from nearby SNOTEL stations (Figure 3.3c). We observed better agreement with 

the Mesa Lakes station (within ±15%, RMSE = 0.16 m) than the Park Reservoir station (within 

±43, RMSE = 0.60 m). 

The median of stereo snow depth values within the MLSEA was lowest in WY 2018 (0.8 m; 

51% of the 18-year median for peak Mesa Lakes SNOTEL snow depth values) and highest in 

WY 2019 (2.4 m; 162%). 

3.7.2.3 Airborne lidar snow depth comparison 

In general, we observe good agreement between the stereo and ASO snow depth products 

(Figure 3.4). The snow depth difference values for the early February comparison had a 

Pearson's correlation coefficient (r) of 0.76 with median offset of -0.13 m (Figure 3.4g, NMAD 

of 0.19 m, and RMSE of 0.31 m (Figure 3.4). 
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Figure 3.4 Snow depth products from (a-b) the Airborne Snow Observatory (ASO) and (c-d) WorldView-3 

stereo, with (e-f) corresponding difference maps (stereo minus ASO) and (g-h) hexbin plots. See Figure B 4 

for ASO vs. ASO comparison showing residual flightline swath misalignment artifacts in the late February 

ASO snow depth product. 

Difference values for the late February comparison were less correlated (r = 0.67), with two 

distinct clusters in the hexbin plot (Figure 3.4h). The difference map reveals systematic offsets 

along the ~1 km wide ASO swaths (Figure 3.4f) due to residual relative swath alignment issues 

in the 25 February 2017 ASO snow depth product. A difference map between the 8 February and 

25 February ASO snow depth products shows these artifacts, with apparent snow depth changes 

of -0.45 to +0.25 m (Figure B 4). The SNOTEL stations recorded limited (<0.10 m) change in 

snow depth over this period (Figure 3.3d). 

3.7.2.4 In situ snow depth comparison 

The satellite stereo snow depth observations showed good agreement with available in situ 

snow depth measurements (Figure 5), with decimeter-scale offset (-0.08 to -0.33 m), precision 

(NMAD: 0.13 to 0.46 m), and accuracy (RMSE: 0.23 to 0.48 m). The corresponding ASO snow 
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depth measurements had slightly smaller offsets (-0.08 to 0.09 m), better precision (NMAD: 0.09 

to 0.20 m), and slightly better accuracy (RMSE: 0.14 to 0.46 m). 

 

Figure 3.5. Comparison of sampled WV stereo and ASO snow depth values with in situ snow depth values 

for the early and late February 2017 campaigns, with dates of in situ data collection in Table S3. 

3.8 DISCUSSION 

3.8.1 Spatiotemporal variability 

The Grand Mesa site and SnowEx campaigns provided an important opportunity to evaluate 

the satellite stereo snow depth time series. The snow depth time series revealed repeat scour on 
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exposed mesa edges and larger drifts on leeward forest edges along the northern arm of the mesa. 

The interannual snow depth variability in the MLSEA was generally higher in areas with greater 

snow depth (e.g., drifts). Furthermore, in extreme low and high snow years, observed snow depth 

in these areas appeared thinner and thicker, respectively, than would be expected from uniformly 

scaling the six-year per-pixel median snow depth magnitude. These results demonstrate the value 

of repeat stereo snow depth observations to characterize and understand complex spatiotemporal 

variability.  

3.8.2 Stereo snow depth evaluation 

Evaluations of WV stereo snow depth with SnowEx in situ measurements generally showed 

good agreement (section 3.7.2.4, Figure 3.5). The larger offsets observed for the early February 

probe depth comparisons were an exception, which may be explained by a combination of 

overprobing (Sturm & Holmgren, 2018), bias due to undersampling of thin snow (Currier et al., 

2019) and probe geolocation uncertainty (+/- 2.5 m for magnaprobe; Sturm & Holmgren, 2018 

and +/-5 m for manual probes (Currier et al., 2019).  

Differences between the early and late February comparisons (Figure 3.5) may stem from 

larger temporal offsets between datasets in the early February comparison (6-9 days vs. 1–3 days 

in late February, Table B 2), as well as the respective sampling locations. We attribute the 

apparent stereo snow depth offset relative to the early February probe transect measurements and 

late February GPR measurements (Figure 3.5) to in situ sampling prioritization near forested 

areas, as stereo DEMs can have increased error and/or artifacts near forest edges. For example, 

the accuracy of the early February stereo snow depth in small canopy gaps (400-1000 m2) 

appeared to be worse (RMSE: 0.38 m) than in open areas (RMSE: 0.28 m), compared to 

corresponding ASO snow depth measurements.  

The -0.13 m offset of WV stereo snow depth relative to ASO snow depth (section 3.7.2.3, 

Figure 3.4) could be attributed to a number of causes, including different measurement geometry 

and temporal offsets between acquisitions. Here, we focus on causes that can potentially be 

corrected with improved processing, including residual co-registration error and systematic 

artifacts observed in both products. 
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3.8.3 DEM co-registration 

Successful DEM co-registration is crucial to produce accurate snow depth estimates, as DEM 

geolocation error will introduce systematic slope- and aspect-dependent vertical errors (Nuth & 

Kääb, 2011). While our evaluation suggests that our two-stage co-registration approach worked 

well in most cases, we observed negative elevation difference values in wind-scoured areas on 

the northern mesa arm for some DEMs (e.g., 1 February 2017), where the snow-on stereo DEM 

was lower than the snow-free reference DTM.  

Co-registration could be improved by posting stereo DEMs at 1 m, rather than matching the 3 

m ASO posting. Coarser postings can smooth true surface roughness, and lead to less precise 

mapping of stable surface boundaries (e.g., separating plowed road surfaces from high 

snowbanks along shoulders). For scenes with mostly snow-covered and/or vegetated surfaces, 

the limited spatial distribution and small area of exposed, stable surfaces can also reduce the 

accuracy of vertical offset corrections during co-registration. For Grand Mesa, most of the 

exposed, stable surfaces were plowed roads on north-facing slopes on the north side of the mesa. 

Larger snowbanks and associated differences in the plowed road extent in 2019 could have 

affected our two-stage co-registration approach, which would explain the larger observed bias 

and reduced precision for the 2019 product (section 3.7.2.1, Figure B 2). While manual selection 

of a unique set of stable surfaces for each stereo DEM would likely improve both the accuracy 

and precision of the resulting stereo snow depth maps, our study involves a production-ready 

workflow geared towards operational stereo snow depth mapping. One simple solution to 

mitigate these issues would be to expand future stereo acquisition footprints to include more 

stable, snow-free surfaces at lower elevations. Alternatively, areas with thin snow, such as wind-

scoured surfaces near the mesa edge, could serve as additional control surfaces for smaller 

DEMs lacking exposed snow-free surfaces. 

3.8.4 Sensor-specific errors 

Beyond geolocation and sampling considerations, sensor-specific acquisition and processing 

errors can affect snow depth measurement accuracy. For example, the observed residual 
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systematic offsets between flightlines in ASO snow depth products (Figure 3.4b, S4) are much 

larger than published error estimates ( RMSE 0.08 m; Painter et al., 2016).  

Unmodeled attitude error ("jitter") in linescan images can result in stereo DEM artifacts with 

~0.5–1.0 pixel (±0.2–0.3 m for WV-3) magnitude (Figure B 3). Known issues with the PHR1B 

satellite during our study period resulted in 0.6–1.4 m artifacts in the 31 March 2021 collection 

(Figure B 3), which is consistent with other published values (0.6 m; Deschamps-Berger et al., 

2020). 

Many previous studies attempt to correct these systematic artifacts in the DEM difference 

products (e.g., fitting higher-order polynomials to residuals and removing). This approach 

requires an adequate distribution of samples over stable terrain to avoid overfitting, which can 

remove real signals of snow depth variability. Due to the limited distribution of stable terrain for 

our study site and DEM footprints, and the comparable magnitude of these artifacts and observed 

snow depth (1–2 m), we did not use these approaches to correct our snow depth products. Future 

work may benefit from a new tool (ASP jitter_solve) to correct these attitude errors in 

each of the original linescan camera models (rather than the derived elevation difference maps), 

which should improve future stereo snow depth precision. 

3.8.5 Comparison with previous studies 

The multi-view WorldView-3 stereo snow depth maps in this study offer higher accuracy and 

precision (RMSE: 0.31–0.39 m, NMAD: 0.19–0.31 m) than stereo snow depth maps from 

previous studies using two-image or triplet Pléiades-HR stereo (RMSE: 0.8–1.2 m; NMAD: 

0.65–0.69 m), when compared with ASO measurements.  

The comparison between our 1 February 2017 WV snow depth map and the 8-10 February 

2017 GPR measurements (Figure 3.5) shows similar results to those reported by McGrath et al. 

(2019), with similar accuracy (RMSE: 0.29 m vs. 0.24 m in McGrath et al., 2019), higher 

precision (NMAD: 0.16 m vs. 0.24 m), and larger median offset (-0.21 m vs. -0.03 m). We 

attribute residual differences in these comparisons to differences in stereo DEM posting (3 m 
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here vs. 8 m) and methodology (e.g., vegetation mask preparation, co-registration approach, 

raster sampling strategy). 

3.8.6 Towards operational snow depth from space 

Our results show that VHR satellite stereo can complement existing operational airborne and 

field efforts to measure surface elevation and map snow depth. Satellite stereo can also offer 

greater spatial and temporal coverage compared to current airborne approaches, with acceptable 

accuracy and precision for many applications, especially for deeper snow. Several challenges 

remain, however, and accurate, operational snow depth retrievals require timely snow-on stereo 

image acquisition, access to high-quality snow-free digital terrain models, and robust co-

registration approaches. 

One of the major limitations of satellite stereo is the inability to directly measure snow depth 

beneath dense vegetation. Stereo-lidar fusion, however, offers a promising solution. We envision 

approaches that rely on initial ALS observations to capture characteristic snow depth distribution 

over both open and vegetated areas for a given basin. Statistical models trained on these ALS 

observations can then leverage repeat, multi-view stereo collections over open areas and canopy 

gaps to generate spatially continuous, basin-wide predictions of snow depth, with corresponding 

SWE estimates from empirical density models (e.g., Hill et al., 2019). 

The commercial VHR satellite image archives span the past ~15 years, offering a valuable 

sample of historical snow depth observations across the Western U.S. and the world. There are 

no direct data acquisition and delivery costs for federal use under existing licensing agreements, 

and all processing software is open source with permissible licenses. The “on-demand” stereo 

tasking capabilities offer rapid data collection, and our processing workflows can produce DEMs 

and snow depth measurements within 24-48 hours of image collection. With sufficient planning 

and prioritization, systematic satellite stereo tasking campaigns can provide a representative 

sample of regional snow depth observations needed to meet operational demands. 
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3.9 CONCLUSIONS 
We produced, evaluated, and analyzed six consecutive seasons of very-high-resolution 

satellite stereo snow depth maps over Grand Mesa, Colorado. Our stereo snow depth time series 

captures characteristic spatial patterns, depth-dependent interannual variability, and the evolution 

of small-scale features such as drifts and wind-scoured surfaces. We observed good agreement 

between stereo snow depth measurements and in situ snow depth measurements from SnowEx 

campaigns, in situ SNOTEL records, and airborne lidar snow depth measurements. Our results 

offer improved accuracy, precision, and spatial coverage compared to previous evaluations of 

VHR stereo snow depth products. Multi-view stereo collections offer broader coverage, 

improved precision, and better snow depth retrievals near forest edges and within canopy gaps. 

Repeat measurements demonstrate consistent decimeter-scale accuracy and precision, even in 

years with anomalously high or low snow depth. Collectively, our findings highlight the 

potential of repeat high-resolution satellite stereo snow depth observations, which can 

complement current approaches and provide the spatiotemporal coverage needed for operational 

water resource management in remote, data-scarce regions.  

3.10 OPEN RESEARCH 

3.10.1 Data 

The Maxar WorldView Level-1B stereo images used to generate the DEMs for this study are 

available under the NGA EOCL license. The derived stereo DEM, snow depth, and lidar 

DSM/DTM products are available from the NSIDC SnowEx data archive (Hu et al., 2023b). The 

VHR land cover maps (Hu & Shean, 2023) used for co-registration and snow depth filtering are 

also available from NSIDC. The Mesa County lidar data (U.S. Geological Survey, 2017b) are 

available from the USGS 3D Elevation Program (3DEP) and the Delta County lidar data are 

available from the Colorado Hazard Mapping Lidar Portal (Colorado Hazard Mapping Portal, 

2016). The ASO 3 m snow depth data (Painter et al., 2018) are available from NSIDC. The in 

situ SnowEx 2017 campaign data are available from NSIDC: snow probe data (Brucker et al., 

2018), snow pit data (Elder et al., 2018), ultrasonic array data (Jennings et al., 2018), and GPR 

snow depth data (Webb et al., 2019). 
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3.10.2 Software 

The NASA Ames Stereo Pipeline (ASP v3.2.0; Alexandrov et al., 2023) used for stereo 

processing is available on GitHub. We processed all airborne laser scanning data with the Point 

Data Abstraction Library (PDAL Contributors, 2022). The demcoreg (v1.1.0; D. Shean et al., 

2021) package used for co-registration and the get_modscag.py utility (D. Shean, 2018) 

used to access and pre-process MODSCAG fSCA data are available on GitHub. 
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3.13 APPENDIX B 
This appendix includes figures and tables that supplement the main article. This includes 

satellite stereo image footprints, information regarding images and stereo pair geometry, stereo 

and co-registration precision, evaluation results, and documentation of artifacts in aerial lidar and 

satellite stereo snow depth products. 

Figure B 1. Footprint coverage of the WorldView-2, WorldView-3, and Pléiades-HR (PHR1A, PHR1B) 

panchromatic stereo images used in this study. 
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Figure B 2. Histograms of elevation difference values (snow-on stereo DEM minus snow-free 3DEP DTM) 

over stable surfaces (purple) within the Mesa Lakes SNOTEL evaluation area.  
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Figure B 3. Vertical elevation error due to unmodeled linescan sensor attitude variations (”jitter”) for 

WorldView-3 (top) and Pleiades-HR 1B (bottom). (a) 1 February 2017 WV-3 elevation difference map 

(snow-on DEM minus 3DEP snow-free DTM), and (b) 31 March 2021 Pléiades-HR 1B elevation 

difference map (snow-on DEM minus 3DEP snow-free DTM). Note large magnitude of these errors in 

PHR1B DEM, and variations with relief that preclude a simple ”cross-track median” correction.  

WV-3 minus 3DEP DTM 

PHR1B minus 3DEP DTM 

a)

b)



 

 65 

 

Figure B 4. Difference map of ASO snow depth products (ASO 25 February 2017 snow depth minus ASO 

8 February 2017 snow depth) showing swath misalignment artifacts with WSW- ENE orientation. The 

RMS of difference values is 0.52 m, which is mostly error due to these artifacts, though we expect a real 

change (∼0.10-0.15 m) in snow depth during this period based on SNOTEL time series (Figure 3d). These 

artifacts limit the WV stereo snow depth evaluation and interpretation of real snow depth change for Grand 

Mesa using ASO data during this period. It should be possible to improve the swath registration of the 

original ALS point cloud data (e.g., DeLong et al., 2022) and to release a new version of these ASO snow 

depth products for Grand Mesa.  
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Table B 1. Metadata for all VHR stereo image pairs used in this study, including ground sample distance 

(GSD) of the more nadir image in the pair, relevant acquisition geometry parameters (convergence angle 

[CA], base-to-height ratio [BH], asymmetry angle [AA], bisector elevation angle [BIE]), intersection area 

(Area), and pair acquisition type (in-track, “along” or cross-track, “cross”).  

Date Catalog IDs GSD  
[m] 

CA  
[˚] BH AA  

[˚] 
BIE  
[˚] 

Int Area  
[km2] Type 

20170201 10400100276B9500 10400100286A3900 0.36 9.1 0.16 20.0 60.4 187 Cross 

20170201 1040010026C28A00 1040010028192C00 0.37 9.3 0.16 20.0 60.0 164 Cross 

20170201 1040010026C28A00 10400100286A3900 0.36 30.8 0.55 0.0 68.0 167 Cross 

20170201 1040010026C28A00 10400100276B9500 0.37 39.9 0.73 4.5 66.7 456 Along 

20170201 1040010028192C00 10400100286A3900 0.36 40.1 0.73 4.7 68.0 466 Along 

20170201 10400100276B9500 1040010028192C00 0.40 49.2 0.91 0.2 68.0 195 Cross 

20170226 1040010029504500 1040010029817600 0.38 58.6 1.12 4.2 72.8 188 Cross 

20170226 1040010029504500 1040010029BF5800 0.33 28.2 0.5 11.1 70.1 127 Cross 

20170226 1040010029817600 104001002A091600 0.35 15.4 0.27 25.8 59.8 182 Cross 

20170226 1040010029BF5800 104001002A091600 0.33 15.0 0.26 10.6 70.5 124 Cross 

20170226 1040010029504500 104001002A091600 0.35 43.2 0.79 3.5 72.5 439 Along 

20170226 1040010029817600 1040010029BF5800 0.33 30.4 0.54 18.4 65.9 394 Along 

20170318 104001002991D700 104001002BA5A500 0.38 35.1 0.63 7.2 61.3 493 Along 

20180403 103001007AODBD00 103001007B395800 0.48 37.2 0.67 17.7 69.4 474 Along 

20190326 1040010048434C00 104001004918EB00 0.37 38.5 0.7 5.5 65.2 484 Along 

20200331 PHR1A_P_202003311814196 PHR1A_P_202003311815114 0.73 28.0 0.5 3.6 81.3 405 Along 

20210331 PHR1B_P_202103311808189 PHR1B_P_202103311807290 0.73 27.0 0.48 3.4 84.2 217 Along 

20220302 10300100CF123900 10300100CF2AAF00 0.56 36.3 0.66 4.1 65.3 1,206 Along 

20220302 10300100CF696C00 10300100CF83A300 0.55 35.2 0.64 2.8 66.6 1,179 Along 

 
Table B 2. Dates of in situ data collection compared to remote sensing collection for early and late 

February 2017 campaigns.  

 WV 1 February 2017 ASO 8 February 2017 WV 26 February 2017 ASO 25 February 2017 

snow pit 7-8 February 2017 7-8 February 2017 24-25 February 2017 24-25 February 2017 

ultrasonic 1 February 2017 8 February 2017 26 February 2017 25 February 2017 

transect probe 7-8 February 2017 7-8 February 2017 25 February 2017 25 February 2017 

gpr 8-10 February 2017 8-10 February 2017 23-25 February 2017 23-25 February 2017 
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Chapter 4. EVALUATING SATELLITE STEREO SNOW DEPTH MAPPING OF A 

SHALLOW SUBARCTIC BOREAL FOREST SNOWPACK 

IN FAIRBANKS, AK 

4.1 ABSTRACT 
Satellite stereo photogrammetry is a promising technique for seasonal snow depth 

observation. However, few studies have evaluated the limitations of such an approach over a 

shallow snowpack. We produced and assessed 36 satellite stereo snow depth maps in interior 

Alaska's boreal forest from WY 2017–2022. Comparisons with airborne lidar snow depth and 

SNOTEL snow depth records show underestimates of open area snow depth by ~0.2–0.3 m and 

differences in retrieved distributions. Underestimates are in part attributed to challenges involved 

in co-registration and underlying snow-free reference datasets. Our evaluation of cross-track 

stereo pairs shows varied quality, but the highest precision DSMs and snow depth maps resulted 

from pairs with > 25˚ convergence angles and < 80˚ bisector elevation angles. Our preliminary 

assessment of Pléiades Neo products revealed significant processing artifacts, impeding the 

retrieval of snow depth. ArcticDEM DSM products showed promise but require further 

evaluation. Despite challenges with an unstable ground surface, our findings of consistent 

precision and resolved details highlight the potential of extracting valuable information from 

both in-track and cross-track stereo products in shallow snowpack environments.  

4.2 INTRODUCTION 
Boreal forest snow cover is highly reflective and an effective insulator, providing a critical 

control on thermal surface exchange between the ground and atmosphere (Moore, 1987). Up to 

80% of boreal forests may be underlain by permafrost (Carpino et al., 2018), which serves as an 

important pool for global carbon stocks (Tarnocai et al., 2009). As deeper winter snow insulates 

the ground from cooler air temperatures, it modulates permafrost thaw and active layer depth, 

affecting the rate and timing of greenhouse gas release into the atmosphere (Jan & Painter, 2020; 

Natali et al., 2011; Sannel et al., 2016). The sparse nature of in situ monitoring networks and 

available data in the subarctic (Carpino et al., 2018) has made remote sensing a necessity to 

observe physical processes in these vast, remote spaces. Satellite sensors such as MODIS and 
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Landsat have been indispensable for earth observation, but finer spatial resolution is necessary to 

directly observe small-scale heterogeneity in snow accumulation, redistribution, and ablation 

processes.  

Very-high-resolution (VHR) satellite stereo photogrammetry has been used to quantify 

surface elevation and meter-scale change signals for forest canopies (e.g., Lagomasino et al., 

2015; Montesano et al., 2017; Persson & Perko, 2016), to map bathymetry (Hodúl et al., 2018), 

for building height estimation (e.g., Krauß et al., 2019), and to estimate mass balance and flow 

velocity of glaciers (e.g., Bhushan et al., in review). Seasonal snow studies have assessed VHR 

satellite stereo digital surface models (DSMs) in the retrieval of late winter, high-elevation alpine 

snowpack depth, with average depths > 0.8 m (Deschamps-Berger et al., 2020; Eberhard et al., 

2021; Hu et al., 2023a; Shaw, Deschamps-Berger, et al., 2020). Though seasonal snow covers 

39% of the terrestrial globe and two-thirds of these regions have average winter depths 

exceeding 0.5 m (Sturm & Liston, 2021), limited work has been completed to assess the limits of 

elevation change detection over shallow snowpacks (0.5 m or less) common to boreal forest 

regions.  

Maxar possesses an extensive archive of monoscopic (single capture) WorldView-1, 

WorldView-2, and WorldView-3 images over Fairbanks, Alaska. This dataset enables the 

generation of cross-track stereo pairs (images collected from different orbits) with diverse stereo 

geometries, sensor combinations, and temporal offsets. While in-track stereo images are typically 

acquired within minutes of one another, cross-track stereo pairs comprised of monoscopic 

acquisitions (hereafter referred to as cross-track stereo pairs) can have large temporal offsets, 

resulting in dissimilar ground appearances and reduced correlation success needed in elevation 

reconstruction. Moreover, unlike in-track stereo pairs – which have pre-defined stereo 

acquisition geometries – cross-track stereo pairs can have variable stereo viewing geometries. 

Recent studies over vegetated, snow-free terrain have assiduously studied the theory and 

simulated impacts of varying viewing geometries, illumination conditions, and ground sample 

distance (GSD) on vertical and horizontal geolocation error of stereo DSMs (Jeong & Kim, 

2016; Yin et al., 2023). However, no studies have yet assessed viewing geometry impacts on 

accuracy for cross-track stereo DSMs of snow-covered scenes. 
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In this work, our primary objective was to evaluate the feasibility of satellite stereo snow 

depth retrieval in a subarctic boreal forest environment. Following the methodology established 

in Hu et al. (2023a), we examined satellite stereo surface elevation and snow depth products for a 

shallow snowpack in Fairbanks, Alaska. We assessed the accuracy and precision of in-track 

satellite stereo surface elevation and snow depth using near-contemporaneous aerial and ground-

based validation datasets collected as a part of the SnowEx 2023 campaign. Additionally, we 

evaluated the potential of new VHR satellite stereo constellations (i.e., Pléiades Neo) and 

publicly available VHR stereo DEMs (i.e., ArcticDEM) for measuring snow depth. Finally, we 

investigated the potential of cross-track satellite stereo pairs formed from monoscopic imagery 

for elevation reconstruction and snow depth retrieval. 

4.3 STUDY SITE 
Our study area is centered on Creamer’s Field Migratory Waterfowl Refuge, near Fairbanks, 

in interior Alaska (Figure 4.1) and was one of the main boreal forest (taiga) sites for the SnowEx 

2023 campaign. Creamer’s Field consists of bog flats, with underlying near-surface permafrost 

covering the majority of the refuge (Douglas et al., 2021). Elevation within this site ranges from 

~140 to 347 m above the WGS84 Ellipsoid. Vegetation at the site is made up of shrubs (38.9%), 

coniferous forest (35%), fields (15.4%), deciduous forest (6.3%), and herbaceous bog (2.4%) 

(Creamer’s Field Migratory Waterfowl Refuge Resource Inventory, n.d.). For this study, we 

focus on three evaluation areas to characterize snow depth: woody wetlands, Creamer’s Field 

(the field closest to Creamer’s dairy building) and a field to the northeast of the preceding areas. 

The woody wetlands evaluation area is defined by the National Land Cover Database 

classification and contains areas with > 20% forest or shrubland vegetation, including a mix of 

the aforementioned vegetation composition, and where the ground “is periodically saturated with 

or covered with water” (Dewitz, 2021) .  

Two SNOTEL stations are located near or within the study area: Fairbanks F.O. (1174) is 

located southwest of the study area, and the Creamer’s Field (1302) is located within the study 

area. Both sites are in semi-forested areas, with elevations of 144 m and 145 m, respectively 

(heights above WGS84 Ellipsoid). While mean annual snowfall for the area is ~1.6 m (Arguez et 

al., 2012), median peak SNOTEL snow depth between WY 2012–WY 2023 is 0.64 m. 
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Figure 4.1 Study site in Fairbanks, Alaska. (a) True color Google Basemap image of study area showing 

evaluation areas and context for SNOTEL sites. (b) WorldView composite DSM elevation map of site 

showing stable surfaces. (c) Context map. (d) Northern field evaluation area. (e) Creamer’s field evaluation 

area. (f) Woody wetland evaluation area. 

4.4 DATA 

4.4.1 Commercial very-high-resolution images and data products 

4.4.1.1 Satellite stereo images 

We used twelve L1B (Level 1B) images from six archived in-track stereo pairs collected by 

WorldView-1 (WV-1, one pair), WorldView-2 (WV-2, two pairs), and WorldView-3 (WV-3, 

three pairs) between March 2018 and October 2022 (Table C. 1). Two collections coincided with 

spatially extensive datasets from the 2023 NASA SnowEx airborne and ground campaign.  

Candidate cross-track stereo pairs had convergence angles between 6˚–60˚, a maximum of 

four days temporal offset between mono image collections, and less than or equal to 30% cloud 

Stable surfaces
Fairbanks F.O. (#1174)
Creamer’s Field (#1302)
Agricultural field
Creamer’s Field
Woody wetlands
UAF lidar coverage
SNOTEL evaluation area
Study site

a.

b.

c.

d.

e.

f.
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cover (e.g., D. Shean, 2017). Between March 2017 and March 2023, we prepared 13 cross-track, 

same-sensor stereopairs collected by WV-1 (two pairs), WV-2 (nine pairs), and WV-3 (two 

pairs), and 17 cross-track, cross-sensor pairings (WV-2 and WV-3). Though images collected in 

March 2023 coincided with the SnowEx campaign, validation data for this time period has not 

yet been released.  

While the original footprints of collections covered 172 to 630 km2, the area centered on the 

study site and evaluated in this work varied between 44 to 58 km2. One in-track stereo pair, 

collected by Pléiades Neo (0.30 m GSD) on 13 March 2023, covered 28 km2.  

4.4.1.2 ArcticDEM products 

The University of Minnesota’s Polar Geospatial Center provides WV-1, WV-2, and WV-3 

(and select GeoEye) stereo DSM strip and mosaic products at 2 m posting for the Arctic 

(ArcticDEM) between 2007 and 2022. All ArcticDEM products are processed using the Surface 

Extraction from TIN-based Searchspace Minimization (SETSM) production workflow (Noh & 

Howat, 2015), which refines the rational polynomial coefficient (RPC) sensor model to relate 

image coordinates with ground coordinates, rather than the available rigorous linescan sensor 

model. The s2s041 version of the strip DSM data (Porter et al., 2022) is used in this work.  

By comparing our in-track stereo DSMs with the corresponding in-track ArcticDEM strip 

DSMs prepared from the same Level-1B images, we directly evaluate the impacts of stereo and 

post-processing workflows on DSM quality and accuracy. At the time of writing, no ArcticDEM 

snow-on products were available after 28 October 2021 over our study site, so we were unable to 

evaluate DEMs constructed from the 2022 in-track WV-3 stereopairs. Comparisons were 

completed using WV-1 and WV-2 DSMs from four snow-on dates (22 March 2018, 28 February 

2019, 15 March 2021, and 18 April 2021, noted with asterisks in (Table C. 1). 

4.4.2 Reference datasets 

The USGS 3D Elevation Program (3DEP) acquired airborne lidar data over Fairbanks 

between 13 June – 1 July 2017. We processed the 3DEP lidar point cloud data following Hu, et 

al. (2023), reprojecting point clouds to a UTM 6N coordinate system (EPSG:32606) with heights 
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above the WGS84 ellipsoid to produce a digital surface model (DSM) and digital terrain model 

(DTM) for the study area. We then interpolated values to fill data gaps in resulting DEMs using 

the gdal_fillnodata.py utility with a distance of 100 pixels, a 3x3 averaging filter, and 

three smoothing iterations.  

Snow depth maps, DTMs and canopy height models (CHMs) of smaller extent were also 

produced from UAF lidar data (GSD 0.5 m) collected on 24 October 2022 and 11 March 2022 

for the SnowEx 2023 campaign. In spite of a dusting of light snow on the ground < 0.1 m during 

the 24 October 2022 flight, we combined the CHM and DTM products to construct a DSM to 

directly compare with a stereo DSM from 28 October 2022. We also used daily records of snow 

depth from the Fairbanks F.O. (1 Jan 2011–21 July 2020) and Creamer’s Field SNOTEL sites 

(13 August 2021–present).  

4.4.3 Land cover datasets 

By subtracting the 3DEP DTM from the DSM, we constructed a CHM at 1 m resolution and 

used this product to mask vegetation. Linear swath artifacts of magnitudes between 0.05 and 0.1 

m were observed in this CHM product. We used the 2016 NLCD Alaska (30 m) land cover 

dataset as a coarser mask for vegetation (classes 41–43) and developed classes (classes 21–24) to 

identify and mask non-snow pixels.  

4.5 METHODS 

4.5.1 Stereo processing 

Stereo snow depth processing closely mirrors that of Hu, et al. (2023), but includes 

WorldView-1 images, cross-track stereo pairs generated from mono images, and posting stereo 

DSMs at a finer resolution (1 m). The WorldView L1B images are mosaics generated from 

several adjacent CCD-acquired Level 0 products (Shean et al., 2016) and can contain residual 

artifacts (i.e., sub-pixel offsets) visible as vertical stripes, arising from CCD alignment error. 

Though these artifacts are less pronounced in WV-3 images, they significantly affect WV-1 and 

WV-2 images and their derivatives. Maxar now corrects sub-pixel offsets due to CCD geometry 

alignment error in WV-2 products (for orders placed after June 2022), but these artifacts remain 
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uncorrected in WV-1 images. We used the ASP utility, wv_correct, to apply empirical CCD 

geometry corrections to all WV-1 images during pre-processing.  

4.5.2 Co-registration 

We used the dem_align.py utility to perform two-stage co-registration, similar to that of 

Hu et al. (2023a). The first stage employs iterative alignment using all surfaces in the reference 

3DEP DSM and stereo DSM (including snow and vegetation) to solve for the horizontal offset 

that minimizes elevation differences over the full distribution of terrain slope and aspect values. 

The second stage removes the median vertical offset between the stereo DSM and the reference 

DTM over a limited subset of stable surfaces (i.e., plowed roads).  

4.5.3 Snow depth derivation 

Co-registered elevation difference maps were processed to filter out vegetation using a binary 

mask (pixels with values >= 0.6 m are masked) derived from the 3DEP CHM. Elevation 

difference values beyond -0.3–10 m range were also omitted from the snow depth map. Filtered 

maps were then smoothed using a Gaussian kernel (kernel = 3x3, sigma = 1) and once more 

filtered with the binarized vegetation mask. 

4.5.4 Evaluation of DEM and snow depth rasters 

We evaluated ASP-generated and co-registered WorldView and Pléiades Neo DEMs by 

computing elevation difference maps using a reference 3DEP DTM. To assess ArcticDEM 

DSMs, we computed elevation difference maps using corresponding ASP-generated DSMs. For 

all comparisons, we computed the median (med) and normalized median absolute deviation 

(NMAD, Equation 4.1) for elevation residuals over stable and snow-covered surfaces, each 

represented by (∆𝑥)), for each observation i, of N total observations. We used NMAD in 

elevation residuals over stable surfaces as a proxy of snow depth measurement precision. Using 

UAF lidar snow depth from 11 March 2022 as a reference, we computed snow depth residuals by 

subtracting the reference snow depth (𝑆𝐷)) from measured snow depth (𝑆𝐷4 )) for each 

observation i. Along with NMAD for each snow depth dataset, we report the median (i.e., offset) 

and root mean squared error (RMSE, Equation 4.2) of observed snow depth residuals.  
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 𝑁𝑀𝐴𝐷 = 1.4826 × 	𝑚𝑒𝑑(|∆𝑥) −𝑚𝑒𝑑∆<|)  (4.1) 

 𝑅𝑀𝑆𝐸 = 	E9
0
F∑ 𝑆𝐷4 ) −	𝑆𝐷)0

):9 H;  (4.2) 

To assess spatial autocorrelation in snow depth, we computed a semivariogram for the 11 

March 2022 UAF lidar snow depth map and identified a reference length scale of 200 m for the 

study site. Using a radius of this reference length to enclose a circle around each SNOTEL site, 

we calculated the median and 16th to 84th percentile spread of stereo snow depth in this area and 

compared with daily SNOTEL records (Figure 4.1 Study site in Fairbanks, Alaska. (a) True color 

Google Basemap image of study area showing evaluation areas and context for SNOTEL sites. 

(b) WorldView composite DSM elevation map of site showing stable surfaces. (c) Context map. 

(d) Northern field evaluation area. (e) Creamer’s field evaluation area. (f) Woody wetland 

evaluation area.).  

4.5.5 Stereo geometry theory 

In satellite stereo photogrammetry, the position and orientation of the satellite sensors 

relative to the area of interest and the corresponding stereo image that comprise the stereo pair 

strongly influences vertical and horizontal error in resulting DEMs. We focus on three stereo 

angles that are used to describe viewing geometry: convergence angle (CA), bisector elevation 

angle (BIE), and asymmetry angle (AA). The convergence angle is formed from the left and 

right rays and is expected to have the largest impact on vertical accuracy – small convergence 

angles can result in large vertical error (e.g., Jeong & Kim, 2014). The bisector elevation angle is 

formed between the bisector and the ground plane and indicates the degree of obliquity of 

acquired images – small BIE (further from and less than 90˚) will increase horizontal error, and 

potentially decrease vertical error (Jeong & Kim, 2014; Figure 4.2). The asymmetry angle is a 

measure of scale difference between each stereo image – large AA (further from and larger than 

0˚) will increase horizontal error but may decrease vertical error (Figure 4.2). We calculated 

these angles for each stereo pair (both in-track and cross-track pair types) to evaluate optimal 

viewing geometries for stereo elevation reconstruction over snow at our study site.  
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Figure 4.2 Stereo geometry diagram illustrating convergence angle, bisector elevation angle, and 

asymmetry angle (e.g., Jeong & Kim, 2016). 

4.6 RESULTS 

4.6.1 Evaluation of DEMs 

4.6.1.1 Comparison of WorldView ASP DSM with UAF lidar DSM 

For the October 2022 comparison (28 Oct stereo vs. 24 Oct UAF lidar), a small dusting of 

snow < 0.1 m is visible in orthoimages. Since expected measurement uncertainty is 0.2–0.3 m, 

we evaluated these DSMs directly rather than the snow depth products, which can integrate 

additional error from processing (Figure 4.3a). Stereo elevation values are similar to UAF lidar 

values, with a median offset of -0.12 m (stereo minus lidar) that is consistent over open fields 

and woody wetlands alike (Figure 4.3b). Elevation difference values have the largest NMAD 

over woody wetlands where there is more vegetation of variable height (woody wetlands: 0.37 m 

vs. open fields: 0.13 to 0.18 m). Elevation differences between the stereo DSM and UAF DSM 

over stable surfaces have a right-tailed distribution, with NMAD of 0.31 m.  

Bisector

Bisector 
elevation angle

Convergence 
angle

Asymmetry 
angle

N

E
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Figure 4.3 (a) Snow-free DSM elevation difference map between co-registered WV-3 stereo and UAF lidar 

DSMs (28 Oct 2022 stereo minus 24 Oct 2022 lidar) and (b) corresponding histogram. 

4.6.1.2 Comparison of ASP DSMs with ArcticDEM DSMs 

The snow-on ArcticDEM DSMs were generally smoother than ASP stereo DSMs, with 

offsets of -0.03 to 0.41 m (ASP minus ArcticDEM). Though measurement precision over stable 

surfaces were similar (ASP NMAD: 0.36–0.44 m vs. ArcticDEM NMAD: 0.28–0.43 m), maps 

of elevation difference (ASP – ArcticDEM) showed longwave vertical undulations and 

compounding of residual CCD artifacts (~0.3 m; Figure 4.4a).  

  
Figure 4.4 Elevation difference of co-registered ArcticDEM DSM with ASP DSM (ASP – ArcticDEM) for 

(a) 22 March 2018, (b) 28 February 2019, (c) 15 March 2021, and (d) 18 April 2021. 
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4.6.1.3 Evaluation of Pléiades Neo DSM 

A near-planar offset, increasing from the southern edge of the image (~ -1 m) to the northern 

edge (~2 m) is visible in elevation difference products using the Pléiades Neo DEM from 13 

March 2023 (Figure C. 4a). Repeating striations with wavelength 150–200 m and amplitude 0.5 

m are also visible (Figure C. 4b). To correct for these artifacts, we explored applying a 

polynomial surface fit, followed by a counterclockwise rotation (-0.77˚) and a row-wise median 

subtraction to remove high-frequency striations (Figure C. 4c). Although corrections reduced the 

tilt and high frequency artifact magnitudes, remnant artifacts prevented reliable recovery of snow 

depth signals (Figure C. 4d). 

4.6.2 Evaluation of in-track stereo snow depth 

4.6.2.1 Interannual evaluation of ASP snow depth 

Over the study site, median stereo snow depth ranged from a low of 0.48 m to a high of 0.70 

m (Figure 4.5a, Table C. 2), with snow depth NMAD ranging between 0.26–0.46 m for the six 

snow-on in-track stereopairs. Snow depth was consistently higher over woody wetlands by ~0.2 

m (median 0.54–0.86 m; Figure 4.5b), compared to over open fields (median: 0.17–0.69 m; 

Figure 4.5c and d), but with similar NMAD (0.15–0.29 m) across all three evaluation areas. 

Elevation difference values over stable surfaces (Figure 4.1b) had NMAD ranging between 0.33–

0.44 m. See Table C. 2 for individual metrics. 

Small magnitude CCD artifacts (vertical striping; 0.2–0.4 m) are visible in elevation 

difference products from the 28 Feb 2019 WV-2 product (Figure 4.5c, Figure C. 1). Longwave 

undulations are visible in the 18 April 2021 WV-1 product (Figure C. 1b) of ~0.2 m amplitude 

and wavelength of 1.5–1.8 km. These artifacts suggest observed differences between ArcticDEM 

and ASP DSMs are in part stemming from residual CCD misalignment in WV-2 (Maxar-

corrected) products and unmodeled attitude error in WV-1 products (ASP DSMs). 

4.6.2.2  Comparison with SNOTEL snow depth records 

Four of the six in-track stereo snow depth collections have corresponding SNOTEL records 

across the Fairbanks F.O. and Creamer’s Field SNOTEL sites. Over these four dates, SNOTEL 
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sites recorded 0.38–0.76 m of snow. Median stereo snow depth within a 200 m radius of 

SNOTEL sites (Figure 4.5e) generally underestimated daily SNOTEL records by 0.27–0.37 m, 

except for 28 Feb 2019 where median snow depth was 0.25 m (65%) higher than the recorded 

SNOTEL snow depth (WV-2 snow depth 0.63 m vs. SNOTEL snow depth 0.38 m). Though 

SNOTEL records were unavailable for WY 2021, stereo snow depth measurements within 200 m 

of the Creamer’s Field SNOTEL site for both 2021 dates had similar spread and general 

magnitude of snow depth values as the following year (Figure 4.5e).  

 

Figure 4.5 In-track stereo snow depth over (a) Creamer’s Field/Farmer’s Loop study site in Fairbanks, AK. 

(b) Stereo snow depth over woody wetlands (orange box); (c) snow depth over Creamer’s Field proper 

(pink box), and (d) snow depth over an agricultural field (purple box). (e) Time series of daily SNOTEL 

snow depth, with stereo and UAF lidar snow depth within 200 m of the respective SNOTEL sites. Circles 

represent distribution median values and bars show 16–84% spread values. 

4.6.2.3 Comparison with SnowEx UAF lidar snow depth 

Snow depth maps from UAF lidar measurements on 11 March 2022 showed a higher and 

more uniform distribution (median 0.82 m) than WorldView-3 stereo measurements (median 

0.65 m). Using UAF lidar as a reference, differences between distributions amounted to an offset 
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of -0.17 m and RMSE of 0.51 m (Figure 4.6). When coarsening both datasets, offsets were 

similar (-0.15 to -0.17 m), but RMSE decreased from 0.50 m at 1 m posting (i.e., grid cell size) 

to 0.45 m (10 m posting), to 0.36 m (30 m posting), and finally, RMSE of 0.26 m at 100 m 

posting. Stereo snow depth also had a larger NMAD over snow than UAF lidar (0.24 m vs. 0.07 

m, respectively).  

Differences in snow depths between datasets were smallest over the woody wetlands (offset -

0.04 m, RMSE 0.19 m; Figure 4.6d), where vegetation is ~0.2–1.6 m high, and largest over open 

fields (offset -0.24 to 0.25 m, RMSE 0.41 m and 0.53 m; Figure 4.6e and f), where vegetation is 

typically < 0.1 m. Elevation differences over stable surfaces for stereo products had an NMAD 

of 0.43 m (Figure C. 2). Compared to SNOTEL records, median stereo snow depth within 200 m 

of the site was much lower than UAF lidar (-0.30 m vs. -0.06 m, respectively).  

 
Figure 4.6 Snow depth maps of (a) SnowEx UAF lidar, (b) WV-3 stereo, (c) WV-3 minus UAF snow depth 

difference for 11 March 2022. Histograms of (d) snow depth distributions for pixels common to both snow 

depth products and (e) per-pixel snow depth differences (WV-3 minus UAF). (f) Scatterplot of WV-3 

stereo snow depth against UAF snow depth  

a. b. c.

d. e. f.
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4.6.3 Evaluation of cross-track stereo snow depth 

Snow depth retrieval from cross-track stereo pairs was highly variable. Some pairings 

produced noisy, speckled maps, while others appeared to reconstruct surfaces with more fidelity 

(Figure 4.7a). In general, we observed worse measurement precision over stable surfaces for 

cross-track stereo products (NMAD; WY 2017: 0.32–0.51 m; WY 2020: 0.45–0.89 m; WY 

2023: 0.40–2.73 m) than in-track stereo products. Compared to SNOTEL records, cross-track 

snow depth had widely-ranging median offsets (-0.21 to 1.93 m), large NMAD values (0.71 m to 

2.99 m) and meter-scale RMSE (1.43–3.75 m). See Figure 4.7 or Table C. 2 for more detail. 
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Figure 4.7 (a) Time series of daily SNOTEL snow depth and cross-track stereo snow depth measurements 

from SNOTEL evaluation area for WY 2017, WY 2020, and WY 2023. Circles represent distribution 

median values and bars show 16–84% spread values. (b) insets of time series for values from 22 Feb–7 

March 2020 and March 2023. (c) Creamer’s Field snow depth maps for all processed cross-track stereo 

pairs. All titles indicate the sensor name for both images and a timestamp (YYYYMMDD HHMM UTC).  

For all evaluated metrics, in-track stereo pairs produced DSMs and snow depth maps with 

lower NMAD and a smaller range of snow depth differences from SNOTEL records (Figure 4.8), 

a trend that also held over each evaluation area.  

a.

b.

c.
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Figure 4.8 Cross-track and in-track stereo pair values for: (a) median snow depth difference from SNOTEL 

record for values within a 200 m radius of SNOTEL sites, (b) spread in snow depth NMAD values for the 

entire study site, and (c) spread of elevation difference values over stable surfaces. 

4.6.4 Evaluation of stereo geometry 

When examining all stereo pair viewing geometries evaluated in this study, worse precision 

was generally correlated with narrower convergence angles (< 20˚; Figure 4.9a) and with more 

weakly correlated with larger bisector elevation angles (> 80˚; Figure 4.9b), though many 

exceptions to both exist. Asymmetry angles did not appear to be strongly correlated with 

measurement precision (Figure 4.9c). 
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Figure 4.9 Evaluation of stereo geometry against NMAD of elevation difference values over stable surfaces 

for: (a) asymmetry angle , (b) convergence angle, and (c) bisector elevation angle, with zooms to the right 

of corresponding plots. 
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4.7 DISCUSSION 

4.7.1 Elevation reconstruction in a permafrost environment 

4.7.1.1 Evaluation of satellite stereo DSMs  

The observed -0.1 m median offset (stereo minus lidar) over all evaluation areas in the DSM 

comparison indicates the magnitude of systematic difference we may expect when using stereo 

estimates of surface elevation at this site. The NMAD of elevation difference values over stable 

surfaces was also smaller in the DSM comparison than for the stereo snow depth map (0.30 m 

vs. 0.43 m), indicating lower precision in the stereo snow depth map. In both cases, precision is 

on the worse end of previously observed stereo snow depth measurement precision values. This 

variability in elevation difference values over stable surfaces may impact the accuracy of co-

registration efforts (see Section 4.7.4). 

Our analyses of other in-track stereo collections (i.e., Pléiades Neo) and products (i.e., 

ArcticDEM) illustrated potential effects of image and stereo processing. The Pléiades Neo DSM 

we evaluated from 13 March 2023 contained significant errors. Even though post-processing 

corrections were able to reduce artifacts, an accurate snow depth signal was not recoverable. 

Comparisons with ArcticDEM DSM products showed that variability in stereo processing can 

result in per-pixel elevation differences of up to ~0.5 m, a combination of processing errors from 

each product. Nevertheless, small median offsets (~0.1 m) and similar NMAD values suggest 

that ArcticDEM products may be useful as they are in regions and time periods with higher snow 

depth signals (i.e., > 1 m). With a sample size of four, more comprehensive evaluation is needed. 

Once additional products are released for WY 2022, our framework can easily be applied to 

evaluate additional in-track ArcticDEM DSMs.  

4.7.1.2 Variability in underlying lidar DTMs 

Minimizing error in snow-free DTMs is integral to producing accurate elevation difference 

products. The four available snow-free airborne lidar DTMs over our study site ranged between 

June 2017 and October 2023. In a brief comparison of these DTMs, we found per-pixel standard 

deviation up to ~0.5 m (median 0.05 m; 75th percentile 0.08 m; 95th percentile 0.18 m; 99th 
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percentile 0.44 m; Figure 4.10) and up to ~0.2 m variability over stable surfaces. While some 

amount of variability can be attributed to misaligned flightlines (up to 0.1 m), real signals of 

landscape dynamism (e.g., ground subsidence, road paving) in between collections likely make 

up a more substantive portion of this variability. This underlying variability underscores the 

importance of collecting high-quality snow-free references, taking care in the selection of co-

registration surfaces, and more frequent snow-free collections in similarly dynamic 

environments.  

 

 
Figure 4.10 Standard deviation of co-registered snow-free airborne lidar DTMs over study site. 

4.7.2 Stereo snow depth retrieval  

The boreal forest snowpack evaluated in this study had a median depth of 0.63 m, and similar 

variability in snow depth across evaluation areas for a given collection. We did not observe 

substantial drifts and most of the variability in open fields appeared to arise from underlying 

topography (furrows, berms), snowmobile tracks, and proximity to taller vegetation. Our 

findings of higher elevation difference NMAD values over stable surfaces for in-track pairs 

(0.26–0.46 m) were slightly higher than in previous work (0.17–0.38 m; Hu et al., 2023a) as well 

as for NMAD values over snow in this work.  
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4.7.2.1 Comparison with airborne lidar 

In our evaluation of stereo snow depth with UAF airborne lidar snow depth, we observed 

offsets of -0.3 m over open fields and smaller offsets over woody wetlands (-0.04 m; RMSE 0.19 

m). We attribute the smaller offsets observed over woody wetland areas in part to conflation of 

vegetation height with snow depth, rather than improved stereo accuracy. The tight distribution 

of shrubs likely led to retrieving an elevation estimate of mixed shrub and snow surfaces rather 

than snow alone.  

In spite of noise and residual error, stereo snow depth mapping can recover surface elevation 

details mixed with noise. From the airborne lidar comparison, we found that noise at this signal 

level makes for lower accuracy measurements. As our resampling tests indicated, spatial 

aggregation of measurements can help to improve the snow depth signal. When taken with our 

observations of consistent precision and magnitude of retrieved snow depth from two 

observations in WY 2021, this suggests that in the absence of other measurements, a snow depth 

map with lower accuracy can still be useful. 

4.7.2.2 Comparison with SNOTEL snow depth records 

Stereo snow depth comparisons with SNOTEL measurements show a striking difference in 

the distributions between the two disparate sites – for all in-track pairs, snow depth NMAD was 

similar to UAF lidar NMAD at Creamer’s Field (0.12–0.22 m vs. 0.16 m, respectively) and much 

higher at the Fairbanks F. O. site (0.38–0.66 m). Higher variability in snow depth at this site can 

be attributed to the dense forest, multi-lane highway (i.e., Johansen Expressway), and the Noyes 

Slough located within 200 m of the Fairbanks F.O. site, all of which increase local topographic 

heterogeneity and variability, especially when compared to the field and forest at the Creamer’s 

Field site. 

Despite differences in snow depth variability between sites, for the majority of the 34 stereo 

collections in which SNOTEL records were available, median stereo snow depth was offset from 

both SNOTEL sites by ~ -0.3 m. As discussed in the spatially extensive comparison with UAF 

airborne lidar snow depth, this offset is likely a combination of differences between snow-free 

DTMs and measurement and processing error.  
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The one in-track exception to this observed offset was snow depth from 28 Feb 2019, with a 

positive median offset of 0.25 m (65% higher than SNOTEL). Stable surfaces in the study area, 

similar to many road systems, are predominately arranged in a curvilinear grid. The residual 

artifacts which manifest in this stereo DSM are roughly aligned with these stable surfaces (CCD 

artifacts as vertical strips that are oriented North to South, jitter artifacts are oriented East to 

West). Because these regions are assumed to have zero elevation change, the co-location and 

magnitude of residual artifacts likely led to a positively biased vertical co-registration of the 

stereo DSM, resulting in a positively biased stereo snow depth map for the 2019 observation. 

4.7.3 Stereo pairings, geometries, and measurement precision 

Overall, in-track stereo pairs generated elevation products with higher precision over snow 

and stable surfaces than cross-track pair products. Nevertheless, certain cross-track pairs 

approached the precision and quality of in-track pair products with NMAD values over stable 

surfaces and snow < 0.5 m (WV-3 pair from 24 Feb 2020, WV-2 pair from 26 March 2017, and a 

cross-sensor WV-2/WV-3 pair from 5 March 2023). Snow depth maps from cross-track stereo 

pairs that approached in-track quality did not visibly contain the remnant artifacts (CCD error in 

WV-1 or WV-2 products) in in-track snow depth maps.  

Similar to the stereo geometry for in-track pairs, these cross-track pairs had BIE between 70–

80˚ and variable asymmetry angle. However, cross-track pairs had a larger range of convergence 

angles (26–53˚ compared to in-track 30–38˚). The cross-track stereo pairs with the lowest 

precision over stable surfaces had BIE angles > 80˚, across a range of convergence angles and 

asymmetry angles. These findings agree with literature suggesting that large BIE angles can 

increase vertical error while asymmetry angles appear to have little impact. Taken together, these 

findings also expand the “optimal” range of convergence angles for stereo snow depth retrieval 

in areas with relatively little topographic occlusion.  

4.7.4 Considerations, remaining challenges, and future work 

Variability over stable surfaces is especially relevant for this workflow. Predominantly 

positive values over stable surfaces will produce a negative vertical shift and result in moving 
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snow-on DSMs lower, and vice versa. These shifts can result in an artificially low snow-covered 

surface and underestimate elevation change. A morphological erosion step (i.e., where polygon 

centroid pixels are preserved and edge pixels are ”eroded”) may reduce non-ground capture and 

blunder error; however, careful selection and evaluation of stable surfaces is needed to assess 

physical changes. 

Precise co-registration of snow-free and snow-covered DEMs can be as important as inputs 

to derive accurate elevation change products. Ground sample distance and vertical heterogeneity 

in the form of slope and aspect variability can also affect the effectiveness of the co-registration 

approach used here (Nuth & Kääb, 2011). The finer 1 m posting we use in this work can yield 

more detail in vertical heterogeneity to improve precision of horizontal alignment. In our stable 

surface vertical alignment approach, delineated regions are assumed to be stable through time. 

Non-ground captures (e.g., motor vehicles, lampposts, snowbanks along road shoulders, etc.), 

blunders (e.g., vegetation) and actual physical changes (i.e., ground subsidence) in delineated 

stable surfaces in either stereo DSM or reference DTMs can impact vertical co-registration and 

introduce error into resultant snow depth maps. 

Despite Maxar’s updates to reduce CCD geometry offsets in WV-2 collections, vertical 

artifacts visible as bands and stripes remain (e.g., Figure C. 1a; ~0.2–0.4 m) and appear to have 

larger magnitudes than those observed in WV-1 pairs corrected with ASP’s wv_correct 

utility (~0.1 m). Pointing error, the difference between the stereo modeled position and true 

position for a given point, accounts for the vertical error (~0.3 m magnitude) visible in the WV-1 

stereo DSM from 18 April 2021 (Figure 4.3a). These remaining artifacts can constitute a 

substantial portion of error in retrieved signals, although they are not always present in stereo 

snow depth products. Future empirical corrections at the image level to correct for CCD 

misalignment and unmodeled attitude error will likely improve elevation models, DEM co-

registration, and resulting stereo snow depth products.  

This work has direct implications for mapping shallow snow in prairie snow climates, which 

make up one quarter of global terrestrial seasonal snow coverage. Prairie environments have 

little forest cover and significant wind redistribution, generating highly variable snow 
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accumulation, where large drifts co-exist with exposed bare ground needed for co-registration. 

Plentiful exposed surfaces that are stable through time may make prairie snow a more favorable 

environment for applying this stereo snow depth retrieval workflow. 

4.8 CONCLUSIONS 
In this study, we produced and evaluated 36 satellite stereo snow depth maps over boreal 

forest in interior Alaska from WY 2017 and WY 2022. When compared to snow depth from 

contemporaneous airborne lidar, stereo snow depth maps underestimated values by ~0.3 m over 

open areas, attributable to a combination of errors in surface elevation reconstruction, co-

registration, and snow-free reference. Analyses with SNOTEL records also show median offsets 

with stereo snow depth measurements of ~0.2–0.3 m. While snow depth maps generated from 

cross-track stereo pairs were much more variable in overall quality and accuracy, DSMs and 

snow depth maps with higher precision were produced with constructed pairs with convergence 

angles > 25˚ and bisector elevation angles < 80˚. Our initial examination of Pléiades Neo DSMs 

reveals large processing artifacts, which require significant correction before elevation products 

can be used. Finally, the ArcticDEM snow depth products assessed here indicate some facility 

for snow depth retrieval, but more comprehensive evaluations are needed. Overall, our findings 

suggest that satellite stereo snow depth retrieval faces significant challenges in areas with 

unstable ground. However, consistency in precision, resolved detail, and internal coherence 

suggests that there is still valuable information to be extracted from both in-track and cross-track 

stereo products in shallow snowpack environments. 
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4.9 APPENDIX C. 
 

Table C. 1 Metadata for WorldView-1 (WV-1), WorldView-2 (WV-2) and WorldView-3 (WV-3) images analyzed in this study. Ground sample 

distance (GSD) of the more nadir image in the pair, relevant acquisition geometry parameters (convergence angle [CA], base-to-height ratio [BH], 

asymmetry angle [AA], bisector elevation angle [BIE]), intersection area (Area), and notes on ground conditions and pair acquisition type (in-track or 

cross-track) also shown. Time difference (TLCTIME diff), center time of stereo pair, and individual stereo image collection datetimes (id1_dt, id2_dt) 

also included. Image pairs used in ArcticDEM comparisons are noted with an asterisk. 

Condition Pair Catalog IDs 
GSD 
ortho 
[m] 

CA  
[˚] BH AA  

[˚] 
BIE  
[˚] 

Int 
Area  
[km2] 

TLCTIME diff Center time id1_dt id2_dt 

snow-on, cross-
track 

WV02WV02_20170303_103001006337D6
00_1030010067955400 0.49 36.7 0.7 7.2 79.0 260 0 days 

23:22:54.252800 
2017-03-03 

9:26:30 
2017-03-03 

21:07:57 
2017-03-02 

21:45:02 
snow-on, cross-

track 
WV02WV02_20170326_103001006787300

0_1030010068894600 0.56 53.3 1.0 5.3 72.0 630 0 days 
00:01:46.696200 

2017-03-26 
21:59:01 

2017-03-26 
21:59:54 

2017-03-26 
21:58:08 

*snow-on, in-
track 

WV02WV02_20180322_1030010078D205
00_103001007A25FF00 0.54 30.6 0.6 0.7 69.5 273 0 days 

00:00:59.599400 
2018-03-22 

22:05:57 
2018-03-22 

22:06:27 
2018-03-22 

22:05:27 
*snow-on, in-

track 
WV02WV02_20190228_103001008C1B3D

00_103001008F35F800 0.50 38.5 0.7 8.2 74.6 255 0 days 
00:01:14.349000 

2019-02-28 
21:55:04 

2019-02-28 
21:54:27 

2019-02-28 
21:55:42 

snow-on, cross-
track 

WV03WV03_20200224_104001005877A0
00_1040010056CD1A00 0.34 26.3 0.5 4.1 70.9 221 1 days 

00:14:39.598800 
2020-02-24 

9:55:26 
2020-02-23 

21:48:06 
2020-02-24 

22:02:46 
snow-on, cross-

track 
WV02WV03_20200224_10300100A1B03B

00_104001005877A000 0.34 27.8 0.5 4.7 70.8 223 1 days 
00:15:49.304000 

2020-02-24 
9:56:01 

2020-02-24 
22:03:55 

2020-02-23 
21:48:06 

snow-on, cross-
track 

WV02WV03_20200224_10300100A310AB
00_104001005877A000 0.34 30.9 0.6 5.2 84.6 214 1 days 

23:39:09.130000 
2020-02-24 

21:37:41 
2020-02-25 

21:27:15 
2020-02-23 

21:48:06 
snow-on, cross-

track 
WV02WV03_20200225_10300100A310AB

00_1040010056CD1A00 0.36 30.4 0.5 8.7 78.3 229 0 days 
23:24:29.531200 

2020-02-25 
9:45:00 

2020-02-25 
21:27:15 

2020-02-24 
22:02:46 

snow-on, cross-
track 

WV02WV02_20200225_10300100A1B03B
00_10300100A310AB00 0.48 30.8 0.6 9.4 77.7 249 0 days 

23:23:19.826000 
2020-02-25 

9:45:35 
2020-02-24 

22:03:55 
2020-02-25 

21:27:15 
snow-on, cross-

track 
WV01WV01_20200305_1020010095672E0

0_1020010095B67A00 0.52 36.2 0.7 6.3 82.7 340 0 days 
23:37:39.798333 

2020-03-05 
12:20:28 

2020-03-06 
0:09:18 

2020-03-05 
0:31:38 

*snow-on, in-
track 

WV01WV01_20210315_10200100A53A33
00_10200100A6A81800 0.54 37.6 0.7 5.7 81.0 606 0 days 

00:00:44.949833 
2021-03-15 

0:30:24 
2021-03-15 

0:30:02 
2021-03-15 

0:30:47 
*snow-on, in-

track 
WV01_20210418_10200100AFB36000_10

200100AFC76700 0.56 40.9 0.8 16.4 63.6 389 0 days 
00:00:56.129041 

2021-04-18 
00:39:57 

2021-04-18 
00:39:.30 

2021-04-18 
00:40:25 
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snow-on, in-track WV03WV03_20220311_104001007474290
0_1040010074A02E00 0.32 30.4 0.5 19.5 68.9 181 0 days 

00:00:49.550400 
2022-03-11 

21:36:26 
2022-03-11 

21:36:01 
2022-03-11 

21:36:51 

snow-on, in-track WV03WV03_20220404_104001007448B20
0_10400100764CC800 0.34 31.8 0.6 10.3 70.2 172 0 days 

00:00:49.749600 
2022-04-04 

21:13:54 
2022-04-04 

21:14:19 
2022-04-04 

21:13:29 

dusting, in-track WV03WV03_20221028_104001007C556C
00_104001007C7E2600 0.37 32.5 0.6 3.3 66.2 232 0 days 

00:00:51.449800 
2022-10-28 

21:07:38 
2022-10-28 

21:08:04 
2022-10-28 

21:07:12 
snow-on, cross-

track 
WV03WV02_20230304_104001008268B50

0_10300100E27CC000 0.3 22.9 0.4 9.6 80.4 206.7 1 days 
23:46:35.581400 

2023-03-04 
21:28:31 

2023-03-05 
21:21:49 

2023-03-03 
21:35:13 

snow-on, cross-
track 

WV02WV02_20230304_10300100E3D636
00_10300100E27CC000 0.5 26.8 0.5 11.2 78.8 235.5 2 days 

00:26:08.455000 
2023-03-04 

21:48:17 
2023-03-05 

22:01:22 
2023-03-03 

21:35:13 
snow-on, cross-

track 
WV03WV02_20230305_104001008268B50

0_10300100E3D63600 0.3 26.3 0.5 3.2 71.1 221.1 0 days 
00:39:32.873600 

2023-03-05 
21:41:35 

2023-03-05 
21:21:49 

2023-03-05 
22:01:22 

snow-on, cross-
track 

WV02WV03_20230313_10300100E33E9D
00_1040010081655C00 0.3 10.9 0.2 2.6 82.6 195.9 3 days 

00:13:40.341800 
2023-03-13 

9:25:40 
2023-03-14 

21:32:31 
2023-03-11 

21:18:50 
snow-on, cross-

track 
WV03WV02_20230313_1040010081655C0

0_10300100E4AB6200 0.3 7.9 0.1 5.6 82.6 195.5 3 days 
00:13:59.691200 

2023-03-13 
9:25:50 

2023-03-11 
21:18:50 

2023-03-14 
21:32:50 

snow-on, cross-
track 

WV02WV03_20230313_10300100E33E9D
00_10400100849A8200 0.3 12.5 0.2 0.4 86.5 191.8 1 days 

23:58:17.192400 
2023-03-13 

21:33:22 
2023-03-14 

21:32:31 
2023-03-12 

21:34:13 
snow-on, cross-

track 
WV03WV02_20230313_10400100849A82

00_10300100E4AB6200 0.3 10.5 0.2 1.0 87.0 191.4 1 days 
23:58:36.541800 

2023-03-13 
21:33:32 

2023-03-12 
21:34:13 

2023-03-14 
21:32:50 

snow-on, cross-
track 

WV02WV02_20230314_10300100E33E9D
00_10300100E4AB6200 0.5 10.7 0.2 1.4 86.5 237.2 0 days 

00:00:19.349400 
2023-03-14 

21:32:40 
2023-03-14 

21:32:31 
2023-03-14 

21:32:50 
snow-on, cross-

track 
WV02WV02_20230315_10300100E33E9D

00_10300100E4BE2100 0.5 31.1 0.6 8.8 80.5 241.3 2 days 
00:27:13.352400 

2023-03-15 
21:46:07 

2023-03-14 
21:32:31 

2023-03-16 
21:59:44 

snow-on, cross-
track 

WV03WV02_20230316_1040010083470D
00_10300100E4AB6200 0.4 16.4 0.3 13.2 76.7 205.7 2 days 

23:42:35.152800 
2023-03-16 

9:24:08 
2023-03-17 

21:15:25 
2023-03-14 

21:32:50 
snow-on, cross-

track 
WV02WV03_20230316_10300100E33E9D

00_1040010083173200 0.3 14.3 0.3 0.4 89.6 191.6 3 days 
23:57:59.651800 

2023-03-16 
21:31:30 

2023-03-14 
21:32:31 

2023-03-18 
21:30:30 

snow-on, cross-
track 

WV03WV02_20230316_104001008317320
0_10300100E4AB6200 0.3 6.2 0.1 1.5 84.8 191.3 3 days 

23:57:40.302400 
2023-03-16 

21:31:40 
2023-03-18 

21:30:30 
2023-03-14 

21:32:50 
snow-on, cross-

track 
WV02WV03_20230317_10300100E4BE21

00_1040010083470D00 0.4 36.2 0.7 2.1 75.3 213.7 0 days 
23:15:41.149800 

2023-03-17 
9:37:35 

2023-03-16 
21:59:44 

2023-03-17 
21:15:25 

snow-on, cross-
track 

WV02WV03_20230317_10300100E4BE21
00_1040010083173200 0.3 19.7 0.4 14.3 74.8 192.3 1 days 

23:30:46.299400 
2023-03-17 

21:45:07 
2023-03-16 

21:59:44 
2023-03-18 

21:30:30 
snow-on, cross-

track 
WV03WV03_20230318_1040010083470D

00_1040010083173200 0.3 19.8 0.4 10.5 77.4 192.3 1 days 
00:15:05.149600 

2023-03-18 
9:22:58 

2023-03-17 
21:15:25 

2023-03-18 
21:30:30 

snow-on, cross-
track 

WV02WV02_20230318_10300100E4BE21
00_10300100E4181D00 0.5 10.4 0.2 19.3 70.6 253.2 2 days 

23:50:04.854200 
2023-03-18 

9:54:46 
2023-03-16 

21:59:44 
2023-03-19 

21:49:49 
snow-on, cross-

track 
WV03WV02_20230318_1040010083470D

00_10300100E4181D00 0.4 28.9 0.5 4.5 78.7 207.8 2 days 
00:34:23.704400 

2023-03-18 
21:32:37 

2023-03-17 
21:15:25 

2023-03-19 
21:49:49 
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snow-on, cross-
track 

WV02WV02_20230318_10300100E4BE21
00_10300100E20EDB00 0.5 44.3 0.8 2.0 84.7 275.7 3 days 

23:13:31.155800 
2023-03-18 

21:36:30 
2023-03-16 

21:59:44 
2023-03-20 

21:13:15 
snow-on, cross-

track 
WV03WV02_20230319_1040010083470D

00_10300100E20EDB00 0.4 18.0 0.3 0.9 70.8 214.3 2 days 
23:57:50.006000 

2023-03-19 
9:14:20 

2023-03-17 
21:15:25 

2023-03-20 
21:13:15 

snow-on, cross-
track 

WV03WV02_20230319_104001008317320
0_10300100E4181D00 0.3 10.0 0.2 7.9 80.0 192.3 1 days 

00:19:18.554800 
2023-03-19 

9:40:10 
2023-03-18 

21:30:30 
2023-03-19 

21:49:49 
snow-on, cross-

track 
WV01WV01_20230319_10200100D4810C

00_10200100D68F9500 0.6 40.8 0.7 2.7 86.9 370.8 3 days 
00:27:46.493000 

2023-03-19 
12:25:30 

2023-03-21 
0:39:23 

2023-03-18 
0:11:37 

snow-on, cross-
track 

WV03WV02_20230319_104001008317320
0_10300100E20EDB00 0.3 24.6 0.4 7.8 80.7 192.34 1 days 

23:42:44.856400 
2023-03-19 

21:21:53 
2023-03-18 

21:30:30 
2023-03-20 

21:13:15 
snow-on, cross-

track 
WV02WV02_20230320_10300100E20EDB

00_10300100E4181D00 0.5 34.3 0.6 3.3 85.4 253.05 0 days 
23:23:26.301600 

2023-03-20 
9:31:32 

2023-03-20 
21:13:15 

2023-03-19 
21:49:49 

 
Table C. 2 Snow depth comparison metrics by evaluation area. In-track stereopairs have one noted WorldView (WV) sensor listed in the `sensors` 

column. Cross-track stereo pairs have two sensors and are categorized as follows: asterisks (*) approach in-track accuracy (filters: snow depth NMAD 

and elevation difference NMAD over stable surfaces < 0.6 m), all other pairs did not meet filters, and carets (^) indicate pairings that additionally had 

visible speckling (i.e., poor reconstruction of surface elevation).  

    Aggregate Woody wetlands Field Creamer's Field Stable 

Water Year Sensors Date SNOTEL 
[m] 

Median 
[m] NMAD Median 

[m] NMAD Median 
[m] NMAD Median 

[m] NMAD NMAD 

*WY 2017 WV02WV02 20170303_0926 0.74 0.89 0.60 1.09 0.40 0.53 0.29 0.36 0.22 0.51 

*WY 2017 WV02WV02 20170326_2159 0.64 0.75 0.43 0.90 0.24 0.47 0.31 0.31 0.32 0.32 

WY 2018 WV02 20180322_2205 0.76 0.66 0.44 0.86 0.29 0.69 0.29 0.17 0.24 0.44 

WY 2019 WV02 20190228_2155 0.38 0.56 0.33 0.71 0.20 0.40 0.26 0.32 0.18 0.40 

WY 2020 WV02WV03 20200224_0956 0.48 0.60 0.46 0.80 0.34 0.55 0.21 0.06 0.20 0.67 

WY 2020 WV02WV03 20200224_2137 0.48 0.50 0.64 0.75 0.45 -0.12 0.20 0.09 0.19 0.89 

*WY 2020 WV03WV03 20200224_0955 0.48 0.44 0.34 0.56 0.25 0.23 0.21 0.21 0.14 0.45 

WY 2020 WV02WV02 20200225_0945 0.48 0.70 0.82 0.98 0.55 0.10 0.29 0.07 0.25 0.65 

WY 2020 WV01WV01 20200305_1220 0.58 0.57 0.48 0.72 0.41 0.30 0.30 0.30 0.24 0.65 
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WY 2021 WV01 20210315_0030 - 0.57 0.28 0.72 0.21 0.39 0.18 0.49 0.15 0.38 

WY 2021 WV01 20210418_0039 - 0.50 0.27 0.54 0.22 0.30 0.19 0.43 0.21 0.43 

WY 2022 WV03 20220311_2136 0.74 0.69 0.24 0.79 0.16 0.61 0.20 0.53 0.15 0.40 

WY 2022 WV03 20220404_2113 0.66 0.61 0.25 0.67 0.17 0.55 0.19 0.42 0.17 0.33 

*WY 2023 WV02WV02 20230304_2148 0.53 0.68 0.58 0.20 0.27 0.32 0.26 0.88 0.34 0.55 

WY 2023 WV03WV02 20230304_2128 0.53 0.52 0.49 0.24 0.23 0.13 0.29 0.62 0.32 0.70 

*WY 2023 WV03WV02 20230305_2141 0.53 0.82 0.43 0.44 0.25 0.82 0.30 0.90 0.34 0.42 

^WY 2023 WV02WV03 20230313_0925 0.58 1.27 0.96 0.57 0.70 0.64 0.81 1.48 0.63 1.46 

^WY 2023 WV02WV03 20230313_2133 0.58 1.13 0.97 1.23 1.48 1.36 1.57 1.08 0.72 1.47 

^WY 2023 WV03WV02 20230313_2133 0.58 1.29 1.19 1.30 1.58 1.84 2.03 1.08 0.86 1.51 

^WY 2023 WV03WV02 20230313_0925 0.58 1.33 1.23 0.75 0.93 0.61 0.87 1.47 0.95 2.04 

^WY 2023 WV02WV02 20230314_2132 0.56 0.66 0.71 0.54 0.67 0.51 0.82 0.54 0.49 1.29 

^WY 2023 WV02WV02 20230315_2146 0.56 0.77 0.61 0.21 0.28 0.38 0.46 0.91 0.36 0.73 

WY 2023 WV03WV02 20230316_2131 0.56 0.71 0.87 0.54 0.82 1.17 1.39 0.67 0.70 2.46 

WY 2023 WV03WV02 20230316_0924 0.56 1.07 0.77 0.30 0.42 0.72 0.66 1.39 0.44 1.00 

WY 2023 WV02WV03 20230316_2131 0.56 0.59 0.63 0.10 0.40 0.42 0.65 0.76 0.45 1.29 

WY 2023 WV02WV03 20230317_2145 0.56 0.89 0.52 0.65 0.38 0.50 0.36 0.97 0.37 0.94 

*WY 2023 WV02WV03 20230317_0937 0.56 0.76 0.53 0.38 0.21 0.46 0.26 0.96 0.34 0.40 

WY 2023 WV03WV02 20230318_2132 0.56 0.62 0.49 0.25 0.24 0.36 0.27 0.77 0.34 0.92 

WY 2023 WV03WV03 20230318_0922 0.56 0.82 0.57 0.29 0.29 0.51 0.36 0.99 0.35 0.72 

WY 2023 WV02WV02 20230318_2136 0.56 0.44 0.57 -0.03 0.22 0.06 0.29 0.62 0.40 1.41 

WY 2023 WV02WV02 20230318_0954 0.56 0.22 0.45 0.07 0.42 0.04 0.40 0.21 0.34 2.73 
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WY 2023 WV03WV02 20230319_0914 0.56 0.55 0.48 0.25 0.29 0.07 0.30 0.79 0.25 1.30 

WY 2023 WV03WV02 20230319_0940 0.56 0.87 0.70 0.79 0.60 0.49 0.59 0.84 0.57 1.91 

WY 2023 WV03WV02 20230319_2121 0.56 0.51 0.55 -0.02 0.27 0.10 0.37 0.63 0.35 2.37 

WY 2023 WV01WV01 20230319_1225 0.56 0.51 0.56 0.02 0.27 0.17 0.26 0.72 0.38 1.01 

WY 2023 WV02WV02 20230320_0931 0.56 0.41 0.56 -0.06 0.24 0.04 0.29 0.55 0.43 1.38 



 

Figure C. 1 Residual artifacts in the form of (a) CCD artifacts and (b) jitter over woody wetlands (left) and 

Creamer’s Field (right). 
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Figure C. 2 (a) map of elevation change values (WV DSM – 3DEP DTM) over stable surfaces for 11 

March 2022, and (b) corresponding histogram and boxplot. 

 
Figure C. 3 (a) Elevation difference NMAD over stable surfaces (‘stable_nmad’) and (b) snow depth 

NMAD (‘nmad’) by stereo pair sensors. 
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Figure C. 4 Visible artifacts in elevation difference map using (a) Pléiades Neo DSM from 13 March 2023 

and 3DEP snow-free DTM. (b) high frequency linear artifacts of 0.5–1m magnitude with ~180 m 

wavelength over agricultural field and woody wetlands. (c) applied polynomial surface and median row-

wise corrections and remaining error. (d) remaining error post-corrections. 
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Chapter 5. CONCLUSIONS 

In a warming world with shifting precipitation regimes, the imperative to develop innovative 

tools and methodologies for effective preparation, management, and response has never been 

more pronounced. The anticipation of heightened intensity and variability in extreme weather 

events, characterized by prolonged periods of abnormal dryness, wetness, or other atypical 

meteorological conditions, necessitates a proactive approach. The ability to make informed 

decisions regarding resource management and risk mitigation hinges upon a comprehensive 

understanding of current and future conditions. 

In this dissertation, extensive effort has been devoted to establishing an optimized workflow 

for the systematic retrieval of stereo snow depth, going beyond sporadic proof-of-concept 

endeavors. This dissertation considers a multitude of reference perspectives, highlighting the 

strengths and nuances of mapping seasonal snow depth with VHR optical stereo images. 

Particular attention has been dedicated to addressing limitations that can either be corrected (i.e., 

residual artifacts) or anticipated and integrated into interpretation (i.e., snow-free references, 

stable surfaces, place-based understanding). 

Ch. 2 employed VHR multispectral images to train Random Forest machine learning models, 

enabling the classification of snow and priority land cover classes at the meter scale. Though 

model performance demonstrated high in-region accuracy, generalization (i.e., transfer) tests 

showed that a broader library of spectral reflectance is needed to improve classification across 

regions and seasons. Notably, the field of earth observation and dynamic land cover 

classification for “rare” feature classes is actively evolving. Comparisons between downsampled 

WorldView snow cover with coarser operational fractional snow cover products (i.e., Landsat 

fSCA, MODSCAG fSCA) reinforced the necessity of matching observation scale with process 

scales and features (such as canopy cover) to reduce misrepresentation of snow cover variability 

and distribution. 

In Chapter 3, extensive validation datasets from the SnowEx 2017 campaign were leveraged 

to evaluate multi-view stereo snow depth maps over montane forest snow in Grand Mesa, 

Colorado. What began as a “many to one” assessment evolved into a comprehensive “many to 
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many” evaluation, highlighting the strengths and limitations of each measurement technique. In 

the first multi-year assessment of stereo snow depth maps, we demonstrated the repeatability of 

stereo snow depth mapping precision and accuracy. This work, conducted with a single snow-

free lidar reference collected from 2016 is noteworthy, particularly for regions lacking annual 

lidar collections. However, we were not able to determine the feasibility of stereo snow depth 

mapping in the absence of a snow-free lidar reference. Nevertheless, this effort demonstrated that 

accurate stereo snow depth mapping was feasibly in an anomalously low snow year with median 

snow depths less than 1 m. 

Chapter 4 pushes the boundaries of stereo snow depth mapping through evaluation over a 

shallow boreal forest snowpack in interior Alaska. Six in-track stereo snow depth maps and an 

additional 30 cross-track stereo pairs were produced and evaluated, revealing a tendency for 

stereo retrieval to underestimate snow depth by ~0.3 m when compared with airborne lidar. An 

assessment of ArcticDEM DSM products and Pléiades Neo imagery further highlighted the 

prevalence of residual artifacts in situations with sub-meter depth signals. 

This body of work affirms the viability of stereo retrieval for snow depth estimation, while 

underscoring the need for continued efforts to secure adequate snow-free references and to 

develop a scalable method for delineating stable surfaces for accurate co-registration. In addition 

to continued assessment across remaining snow climates and environments, future endeavors 

should prioritize public stereo missions with the development of comprehensively vetted data 

products to enhance global access. Simultaneously, privacy and data sovereignty considerations 

must be taken seriously, with the direct inclusion of community representatives in decision-

making processes. 
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