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ABSTRACT
In order to constrain the effects of climate change in mountain watersheds, an understanding of the spatial
extent and timing of snowmelt is necessary. However, lack of field records and difficultly modeling in remote and
complex terrain, lead to uncertainty in precipitation and temperature measurements across many mountainous
regions. In this study, Synthetic Aperture Radar (SAR) data from the European Space Agency’s Sentinel-1 satellite
is used to map wet snow over Water Year 2016 on Mount Rainier, a stratovolcano in the Cascade Range of Western
Washington. Then, SAR wet snow maps are compared to a MODIS-derived factional snow-covered area product
called MODSCAG. Results match an expected seasonal pattern while demonstrating the potential of SAR to provide
high temporal and spatial resolution information that is not currently captured in common snow-covered area
products. In the future, SAR could be used to improve understanding of snowpack characteristics in the Western
United States. (KEYWORDS: Synthetic Aperture Radar, MODIS, MODSCAG, remote sensing, snow covered area,
wet snow)
INTRODUCTION
Snowmelt is a critical part of the hydrologic cycle in many regions around the world (Barnett et al., 2008).
In the US Intermountain West and California, over 60% of annual precipitation falls as snow, providing around 75%
of annual stream discharge (Balk & Elder, 2000; Serreze et al., 1999). Humans use water from snowmelt for
domestic consumption, agriculture and industry. Regional ecosystems are also dependent on the quantity, timing,
temperature & mineral content of snow and glacier melt (Brown et al., 2007).
Changing patterns of human resource use, exacerbated by changes in climate, are shifting hydrologic cycles
around the world (Vörösmarty et al., 2000). Studies have recorded declining snowpack along with earlier melt in the
Western US (Barnett et al., 2008; Hamlet et al., 2005). In order to assist water and ecosystem managers in mitigating
the effect of these changes, scientists are working to better understand snow cover and melt timing in alpine
watersheds.
Unfortunately, precipitation is notoriously difficult to measure, especially when it is frozen and falling on
complex terrain (Rasmussen et al., 2012). Currently, remote sensing is the only feasible tool for monitoring the
spatial distribution of snow. Radar remote sensing is very appropriate for studying snowpack characteristics because
radar waves can penetrate through clouds, do not require illumination of the Earth’s surface by sunlight, and convey
information about snowpack structure that is impossible to measure with visual imagery (Nolin, 2010). For example,
wet and dry snow have dramatically different signatures in radar imagery. Synthetic Aperture Radar (SAR) is a type
of active radar remote sensing that has excellent spatial resolution. With the recent launch of several new SAR
satellites, now some SAR datasets also have excellent temporal resolution (ESA, 2017a).
In this study, data from the European Space Agency (ESA) Sentinel-1 SAR sensor is used to create wet
snow distribution maps over Mount Rainier during Water Year 2016. SAR wet snow maps are then compared to the
MODSCAG fractional snow-covered area product, which is created from Moderate Resolution Imaging
Spectroradiometer (MODIS) visual imagery following a method developed by Painter et al. (2009). The two
products are also combined to create multi-sensor wet snow probability maps.
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BACKGROUND
SAR sensors emit pulses of energy at a wavelength in the microwave part of the electromagnetic spectrum.
After each pulse hits a target on Earth’s surface, the amount of energy reflected back to the SAR antenna is
measured. Radar backscatter values convey information about target material properties. Until recently, radar data
was often difficult to access and process. Over the past three years, the ESA has facilitated free distribution of
Sentinel-1 data at excellent temporal and spatial resolution along with development of well-documented, opensource, and relatively simple SAR processing programs (ESA, 2017a; ESA, 2017b). Now, SAR data is accessible to
a variety of researchers and resource managers.
Microwaves easily pass through dry snow, but the presence of water in snow dramatically increases the
dielectric constant which increases absorption and decreases backscatter. Wet snow is easy to detect with SAR
because it has a much lower radar backscatter value than dry snow or snow-free ground. Austrian scientists Nagler
and Rott developed a simple algorithm for mapping wet snow from SAR data based on backscatter changes between
a reference image and an image containing wet snow. After extensive fieldwork in the Alps and Iceland, Nager and
Rott determined that the reduction in backscatter amplitude from a snow free or dry snow pixel to a pixel covered by
wet snow can be conservatively estimated at -3 decibels (Nagler & Rott, 2000). This method proved to be very
effective at mapping snow and has been used by many other researchers (e.g. Malnes & Guneriussen, 2002;
Rondeau-Genesse et al., 2016). Operational water resource management programs that use the Nagler and Rott
(2000) method are currently being developed in Europe (Karna et al., 2002). However, no studies using SAR to map
wet snow in the Western US have been published to date.
Inspired by Nagler and Rott’s work, Malnes and Guneriussen (2002) designed an algorithm to create a wet
snow probability map instead of a binary wet snow map. Their method also uses the difference between a wet snow
image and a reference image, but in a second step Malnes and Guneriussen used a hyperbolic tangent function to
assign backscatter difference values to a probability of wet snow between 0 and 100%. Additionally, Malnes and
Guneriussen added parameters that calibrate data to an individual watershed. This algorithm was adapted by
Rondeau-Genesse et al. (2016) to map snow cover in the Coast Mountains of British Columbia. Rondeau-Genesse et
al., then combined SAR wet snow probability maps with MODIS snow covered area (SCA) products in an attempt
to create improved wet snow-covered area maps with a multi-sensor approach.
MODIS provides nearly daily imagery of most of Earth’s surface and NASA offers a daily SCA product
derived from a Normalized Difference Snow Index (NDSI) algorithm applied to MODIS data (Hall et al., 2002).
This information is invaluable to research and monitoring of changes in snow- and ice-covered area, but the high
temporal resolution is balanced by a very low spatial resolution of 500 meters. Errors in the MODIS SCA product
can arise from mixed land cover classes in the large pixels. To address this problem, Painter et al. (2009) developed
an improved algorithm for mapping fractional snow-covered area from MODIS data using spectral unmixing. This
method is used to produce an improved MODIS fractional SCA product called MODSCAG. Currently, MODSCAG
is the best daily snow-covered area product available (Rittger et al., 2013).
The goal of this project is to assess the feasibility of using SAR combined with visual imagery to map wet
snow in the Western US, following the algorithm used by Rondeau-Genesse et al. (2016) based on work by Nagler
and Rott (2000) and Malnes and Guneriussen (2002). The Rondeau-Genesse et al. algorithm was chosen because
their study area in Western British Columbia is similar to our study area in Western Washington state. However,
instead of MODIS SCA, the MODSCAG product will be used as a validation dataset for SAR wet snow maps and to
create wet snow probability maps through a multi-sensor approach. This may be the first study that uses SAR to map
wet snow in the Western US and also the first study to combine SAR with the MODSCAG product.
STUDY AREA
In the US Pacific Northwest, approximately 50% of annual precipitation falls as snow (Serreze et al.,1999).
Along with providing a critical source of domestic and industrial water, snowmelt is inextricably tied to local,
lucrative salmon fishing and hydroelectric power industries (Kareiva et al., 2000). Incidentally, some of the earliest
American studies of snow and ice contribution to streamflow occurred in this region (Fountain & Tangborn,1985;
Tangborn & Rasmussen, 1976).
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Mount Rainier provided an effective natural laboratory for this study because it is covered by extensive
snow above tree line, which minimizes seasonal changes in radar reflectance due to vegetation. A study area of 30
kilometers by 30 kilometers was chosen with a maximum elevation of 4,393 meters in elevation and centered at
46.85˚ N.
DATA
Sentinel-1 is a constellation of two identical C-band SAR satellites, traveling in near polar, sun
synchronous, opposite and complementary orbits with a nominal spatial resolution of approximately 10 meters.
Sentinel-1A was launched in April of 2014 and Sentinel-1B was launched in April of 2016 (ASF, 2017). Since
Sentinel-1B was not fully operational for the duration of this study, all SAR images used in this study were acquired
by Sentinel-1A. Pre-processed radar data products were acquired from the Alaska Satellite Facility’s Vertex website
(ASF DAAC, 2015-2016). Although datasets are available at various levels of processing, only Ground Range
Detected (GRD) data was used. GRD products have been resampled to account for different pixel size in the
azimuth and range directions and projected onto an ellipse. In this study, the SAR data was further resampled to a
30-meter spatial resolution to match the SRTM 1-Arc second DEM, which was used during several processing steps
(Figure 2). In order to account for changes due to slight variations in satellite geometry, data was also limited to one
exact repeat path and polarization: VV-polarized, descending Path 115. This combination of path and polarization
was chosen because it provided the maximum quantity of data covering the study region and time frame. SAR
imagery from Path 115 was acquired between 6:20 and 7:20 AM Pacific Standard Time.
MODSCAG fractional snow-covered area data was acquired courtesy of the NASA Jet Propulsion
Laboratory. Images were downloaded for dates corresponding to acquisition of SAR images, along with six days
prior. Since cloud cover has been flagged in MODCAG products, a simple temporal filter was designed to
prioritizing snow pixel values in the most recent MODCAG image. Unfortunately, issues with high cloud
identification in the MODSCAG product limited the applicability of this filter. Therefore, the best cloud-free
MODSCAG image was chosen manually from a seven-day window before and including the date of SAR scene
acquisition (Figure 2, Box III). Excellent cloud free images were often available during the late spring and summer
melt season. In contrast, many winter images obscured by clouds over the entire window (Figure 3).
METHODS
Processing of GRD SAR data was completed using the SNAP Sentinel-1 Toolbox, an open-source program
for working with SAR data developed by the ESA (ESA, 2017b). Basic Sentinel-1 processing steps are shown in
Figure 2, Section I. First, a precise orbit file was applied to each image. Next, rasters were subset to reduce
processing time and a filter was applied to remove known thermal noise. Images were calibrated to Beta0, which
converts the sensor data into radar backscatter values. All the images were co-registered using pixel location and a
DEM. Then, a multi-temporal speckle filter was applied to stacks of images grouped by season and the DEM was
again used to remove changes in backscatter due to topography (Small, 2011).
Figure 2, Box II shows the workflow for detecting wet snow using radar backscatter changes from a
reference image, following Nager and Rott (2002). Since it is impossible to find a SAR scene with no snow or all
dry snow in our study area, a reference image was created by averaging six scenes with the smallest area and most
diverse pattern of wet snow cover. Then, ratios of each SAR image to the reference were computed.
Backscatter ratio values were converted to wet snow probability using the following equation:
𝐹(𝑥 ) = 50 − 50 tanh[𝑎(𝑥 + 3)] %
This equation was developed by Malnes and Guneriussen (2002) and used by Rondeau-Genesse et al.
(2016). The ratio between a SAR wet snow scene and the reference image equals x. A 50% probability of wet snow
is designated as -3 decibels, which is the ratio value recommended by Nagler and Rott (2002) to represent wet snow.
Hyperbolic tangent directs ratio values to a new value between -1 and 1. Positive values indicate a smaller change of
backscatter than the -3 decibel threshold. Negative values indicate a larger change of backscatter than the -3 decibel
threshold. Wet snow probability values below or above 50% are assigned, respectively.
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Parameter a is used to adjust for elevation changes across the image. In this study, an a of 0.75 was chosen,
following Rondeau-Genesse et al. (2016).
After pixels were assigned a probability of being wet snow using the SAR reference-ratio method, they
were filtered based on elevation and proximity to pixels with snow according to the MODSCAG product. Following
Rondeau-Genesse et al. (2016), pixels designated as wet snow by SAR but lower than 1500 meters and further than
1.5 kilometers from a MODSCAG snow pixel were re-assigned a very low probability of being wet snow. In our
high elevation study area, very few SAR wet snow pixels were eligible to be removed by the low elevation mask.

Legend

I. Basic SAR Pre-processing
SAR Images
Multiple
Raster Input

Orbit File
Subset
Thermal Noise Removal

Single Raster
Input

Calibrate to β°
Co-register

Multiple
Raster Output

Speckle Filter
Terrain Flatten

Single Raster
Output

Single Layer Processing
Multiple Layer Processing

Stack
II. Ratio-threshold Wet Snow Mapping

Average

Reference
Image

SAR Data

Ratio

SAR Simulation
DEM

Terrain Correct

Topographic Data
Visual Data

Low Quality
Pixel Masks

Wet Snow
Ratio Maps

III. MODSCAG Image Selection

IV. Creation of Multi-sensor
Wet Snow Probability Maps

Erase
MODSCAG
Images

Assign Dry Snow

SAR
Wet Snow
Probability Maps

Manual Cloud Filter
Best
MODSCAG
Image

MODSCAG Filter
Multi-sensor
Wet Snow Probability
Maps

Figure 2. Workflow of processing steps for SAR and MODSCAG imagery.
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After wet snow probability maps were created with SAR and filtered with MODSCAG, a few more masks
were applied. First, high elevation zones with a low probability of wet snow were marked as regions that may
contain dry snow. These pixels were marked to aid in interpretation of wet snow maps because dry snow is invisible
in SAR imagery but important for water resource management. Once again following the algorithm of RondeauGenesse et al. (2016), areas higher than the mean elevation of wet snow, plus one standard deviation times a
recommended calibration factor of 1.6, were marked as dry snow. Finally, pixels flagged for quality issues were
erased, including those with DEM gaps, extreme SAR incidence angles, or radar layover and shadow.
RESULTS AND DISCUSSION
Seven-day cloud-filtered MODSCAG images are shown in Figure 3. Notably, MODSCAG imagery
appears to have adequate resolution to be used as validation for, or in combination with, SAR data at spatial scales
on the order of our Mount Rainier study area. Results show that heavy clouds consistently block visual imagery
during the winter in this region. Clouds limit the use of MODSAG products as validation for SAR wet snow maps,
however, they also suggest that SAR snow maps could provide useful information to scientists when visual data is
blocked for a significant portion of the year.
Some issues with high cloud recognition in the MODSCAG product, which inhibited use of an automatic
cloud filter, are also apparent in Figure 3. For example, on October 8th grayscale values are indicating various
fractions of snow cover across the entire study area. Considering the season, these pixels are likely high clouds that
resemble snow in the visual imagery.

Figure 3. MODCAG images used in this study courtesy of the NASA Jet Propulsion Laboratory and created with
the algorithm developed by Painter et al. (2009). These images were manually chosen to have minimum cloud cover
from a seven-day window ending on the date of SAR data acquisition. Black to gray values show fractional snow
cover with lighter colors corresponding to greater fractional cover. True white values signify cloud cover.
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(a)

(b)
Figure 4 (a): Selected SAR binary wet snow maps created with a stationary threshold of -3 decibels. Pixels
designated as wet snow are white. Pixels designated as either dry snow or no snow are black. Pixels with
questionable data are masked in purple. (b): Sample wet snow probability maps created by combining SAR and
MODSCAG data following Rondeau-Genesse et al. (2016). Pixels with a high probability of being wet snow are
warm colors. Pixels with a low probability of being wet snow are cooler colors. Transparent white polygons
delineate areas that are likely dry snow.
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Binary SAR wet snow maps created the reference-ratio method are shown in the upper panel of Figure 4.
An expected seasonal pattern of wet snow-covered area is visible. In late fall, snow cover is at a minimum. During
this time, snow is only present at the highest elevations and all snow-covered area is wet. In early winter, dry snow
likely covers much of the study area and wet snow-covered area is at a minimum. In late winter, snow cover extends
to lower elevations where a ring of wet snow develops around the volcano. The ring of wet snow expands until
April, then retreats through the melt season until the minimum extent of snow returns again in late fall.
Wet snow probability maps are shown in the lower panel of Figure 4. In general, they appear quite similar
to binary wet snow maps created with a stationary threshold (shown in the upper panel of Figure 4). This is because
pixels marked as wet snow in the binary maps are strongly mapped to 100% probability of wet snow. A qualitative
comparison of maps in both panels of Figure 4 suggests that wet snow probability maps do not contain much more
information than binary wet snow maps created with a stationary threshold. Therefore, the algorithm developed by
Malnes and Guneriussen (2002) and used by Rondeau-Genesse et al. (2016), is likely not more accurate than the
method developed by Nagler and Rott (2000).
In SAR studies of wet snow, it is common to mask pixels covered by heavy vegetation because vegetation
can have large seasonal changes in radar backscatter that resemble seasonal changes from snow cover. In this study
vegetated pixels were not removed, although dense vegetation is present at low elevations (Figure 1). Pixels were
not masked in order to assess whether a multi-sensor approach was able to improve the quality of data in zones with
high SAR uncertainty. Results show that the MODSCAG filter did remove noise from the SAR wet snow scenes
although this effect would be greater for a larger study area due to the spatial resolution of MODIS imagery.
Dry snow-covered area estimated from SAR data is shown on wet snow probability maps in the lower
panel of Figure 4. Since SAR imagery cannot identify dry snow, dry snow-covered pixels were assigned based on
spatial distribution of wet snow and elevation data. Dry snow polygons roughly match fractional snow-covered area
in the MODSCAG imagery and areas without wet snow in the SAR probability maps. However, a constant elevation
contour is used to assign dry snow. Therefore, some information about the spatial distribution of wet snow is lost.
For example, on April 17th wet snow is present at higher elevations on south facing slopes than on north facing
slopes. This aspect signal is smoothed in the dry snow-covered area polygon. Future studies should use visual
imagery to map dry snow-covered area in order to capture true spatial variation in the distribution of wet snow and
avoid over-estimating wet snow-covered area in high elevation zones that are snow-free.
CONCLUSIONS
In conclusion, Sentinel-1 data can provide unique and important information about seasonal snow and ice.
A simple method comparing SAR wet snow scenes to a reference image can be used to map wet snow-covered area
at high temporal and spatial resolutions, even without sunlight and below heavy cloud cover. Binary wet snow maps
created with a stationary threshold of backscatter change provide approximately the same amount of information as
maps of wet snow probability that consider a wider variation of backscatter changes. These methods were developed
in Europe and have been used extensively around the world. However, this study was the first application in the
Western US and the first study that combined SAR imagery with the MODCAG fractional snow-covered area
product. Results show that SAR can effectively be used to map wet snow distribution around Mount Rainier and
multi-sensor approaches combining SAR with visual imagery have great potential to assist scientists and water
resource managers across the western US.
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