
73rd EASTERN SNOW CONFERENCE 
Columbus, Ohio, USA 2016 

 

110 
 

Single- and multi-sensor snow wetness mapping by  

Sentinel-1 and MODIS data  

RUNE SOLBERG1, ØYSTEIN RUDJORD1, ARNT-BØRRE SALBERG1, ØIVIND DUE 

TRIER1, GHEORGHE STANCALIE2, ANDREI DIAMANDI2 AND ANISOARA IRIMESCU2 

ABSTRACT  

   Snow monitoring is essential for prediction of flooding due to rapid snowmelt, to provide snow 

avalanche risk forecasts and for water resource management – including hydropower production, 

agriculture, groundwater and drinking water. Sentinel-1 C-band SAR is sensitive to presence of 

wet snow and can be used to binary snow wetness classification. Wet snow mapping into more 

categories has been demonstrated in the past by using MODIS data. The combination of surface 

temperature and the temporal development of the effective snow grain size are used to infer 

approximately how wet the snow is. Here we develop a sensor-fusion approach combining SAR 

and optical observations. The algorithm applies a hidden Markov model (HMM) to simulate the 

snow wetness states the snow surface goes through, given the temporal observations of the surface 

conditions. The most likely current snow state is estimated, giving the current snow liquid water 

category.   

Keywords: Wet snow mapping, multi-sensor, multi-temporal, Hidden Markov Model, Sentinel-1, 

MODIS, Sentinel-3. 

INTRODUCTION 

Snow is a key element of the water cycle. Seasonal snow is characterized by high temporal 

variability. The variations at daily-to-seasonal time scales are superimposed to long-term trends in 

the cryosphere, which have been observed during the last decades and are attributed to climate 

change (Lemke et al., 2007; Serreze et al., 2000). Satellite sensors are the optimum tools for 

cryosphere monitoring. Accurate observations of snow properties and state are of great interest for 

hydrology, meteorology and climate change research and applications. 

The overall objective of the EEA Grants SnowBall project, which carried out the work presented 

here, is to explore and develop methodology supporting the vision of developing a future service 

providing Romanian national authorities with hind-cast and real-time snow and avalanche 

information from earth observation data. Project work includes development of algorithms and 

implementation of a prototype snow monitoring system combining Sentinel-1 and -3 satellite data 

for snow surface wetness mapping. 
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This paper presents the algorithm development and preliminary validation results from the test 

sites in Norway and Romania for the 2015 snow season. The validation was limited to comparison 

with air temperature as this was what was available for this season, but will be extended with 

comparison with in situ snow liquid water measurements when these become available. For Norway, 

data from five weather stations with hourly measurements were available for the Jotunheimen site. 

For Romania, data from eight stations were available. The comparative analyses were carried out 

for the two sites split into three time series of snow maps. They were based on optical data alone, 

SAR data alone and finally a fusion of optical and SAR in the multi-sensor/multi-temporal snow 

maps.  

DATA 

Satellite data 

The primary satellite data for our algorithms are Sentinel-3 for optical and Sentinel-1 for SAR 

data. Since Sentinel-3 only will deliver data operationally from early 2017, we have used Terra 

MODIS data for the algorithm development and validation so far. Final adaptation and validation 

for Sentinel-3 will take place as soon as these data are available.  

Sentinel-3A, launched 16 February 2016, has two optical instruments. The Ocean Land Colour 

Instrument (OLCI) is based on the heritage from ENVISAT's Medium Resolution Imaging 

Spectrometer (MERIS) instrument. The OLCI operates across 21 wavelength bands from ultraviolet 

to near-infrared and uses optimized pointing to reduce the effects of sun glint. The swath width is 

1270 km, and the spatial resolution 300 m.  

The Sea Land Surface Temperature Radiometer (SLSTR) is based on the heritage from 

ENVISAT's Advanced Along-Track Scanning Radiometer (AATSR). The SLSTR uses a dual-

viewing technique and operates across eight wavelength bands providing better coverage than 

AATSR because of a wider swath width (1675 km for the nadir view angle). The sensor has three 

bands in the visual and near-infrared (555, 659 and 865 nm), three in the mid infrared (1.38, 1.61 

and 2.25 μm) and three in thermal infrared (3.74, 10.85 and 12 μm). The spatial resolution is 500 m 

at visible and infrared wavelengths and 1 km at thermal wavelengths. 

Sentinel-1 carries a C-band Synthetic Aperture Radar (SAR) building on ESA’s and Canada’s 

heritage in SAR systems from ERS-1, ERS-2, Envisat and Radarsat. Sentinel-1A was launched 3 

April 2014, and Sentinel-1B 25 April 2016. The satellites have repeat cycles of 12 days. The C-band 

SAR operates in four modes: 1) Strip Map Mode (SM); 2) Interferometric Wide Swath (IW); 3) 

Extra-Wide Swath Mode (EW); and 4) Wave-Mode (WV). Over land the primary, conflict-free, 

mode is IW with VV+VH polarizations. The resolution of the IW-mode depends on whether the 

product is single-look complex (SLC) or detected (GRD) and number of looks. The SLC range-

azimuth pixel spacing is 2.3 × 17.4 m, whereas for the IW GRD product, the pixel spacing is 10 × 

10 m with number looks equal to 5 × 1. 

Validation data 

The first validation dataset was collected in winter/spring 2015 in Norway and Romania, and the 

collection activities are carried out until the end of winter/spring 2017. Precursor algorithms and 

products for wet snow were previously validated in the Jotunheimen validation site by NR, and later 

demonstrated and applied in the whole country of Norway. Jotunheimen is the highest part of the 

Scandinavian Mountains, and is located in central southern Norway. The SnowBall algorithms are 

now validated in Jotunheimen, and subsequently in the Bucegi mountain Sinaia region in Romania, 

part of the Southern Carpathian. 

The Norwegian calibration/validation (cal/val) site Valdresflya is located in the southeast corner 

of Jotunheimen. Valdresflya mountain plateau (1200-1400 m a.s.l.) totals about 265 km2 and has 

been used for numerous field campaigns combined with data acquisition from airborne sensors and 

spaceborne very-high resolution sensors as reference data for parallel satellite acquisitions since 

1997 (Solberg et al., 2010).  
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There are five permanent meteorological stations in the region, all operated by a hydropower 

company. NR operates a mobile weather station used in the melting season to supplement the 

permanent stations. NR also operates a mobile spectral radiance station instrumented with a Spectral 

Evolution UDS-1100SA spectroradiometer measuring simultaneous upwelling and downwelling 

radiation. The UDS-1100SA is configured for standalone automatic and unattended collection of 

scans. The instrument’s spectral range is 320-1100 nm. The system is configured with a 25° optic 

window for the bottom optics. 

The Romanian sites for diagnostic data collection and algorithm cal/val have been selected as the 

upper sector of the Arges and Ialomita river catchments with altitudes of about 500 to 2500 m. The 

Arges River Basin is a tributary of the Danube River, with a total area, 12,550 km2, of which the 

upper sector is of 3,158 km2. The upper sector of the Arges River is represented by mountains, 

including the highest altitudes in the country. The drainage density is between 1.1-1.4 km/km2 and 

the river slopes about 80-150‰, while the mean altitude varies between 1000 to 1200 m. The main 

tributaries in the upper sector of the Arges River are Valsan, Doamnei and Tragului. 70% of the 

accumulated water volume is contained in the upper river sector.  

The Ialomita River Basin is a tributary of the Danube River, with a total area of 10,350 km2. The 

catchment area is composed of three main levels of relief, mountains, hills and plains, in which the 

upper basin occupies most, only the first two forms of relief. Upper Ialomita runs from 2310 m to 

600 m on about 28 km. The drainage density is about 0.6-0.8 km/km2 and the river slope is about 

71‰. Here are natural lakes and reservoirs (storage lakes).  

There are eight meteorological stations in the area, all operated by the National Meteorological 

Administration (NMA). 

ALGORITHMS 

Optical 

The ideal approach for retrieval of snow surface wetness based on optical data would be to 

measure the liquid water contents in the snow, like that proposed and demonstrated by Green et al. 

(2006). However, this would require an imaging spectrometer with optimally located spectral bands 

for measuring liquid-water molecular absorption features. Such sensors are currently not available 

in satellites, only as experimental sensors in aircrafts. Our aim has been to develop an algorithm to 

be used operationally based on satellite data. 

Experiments with snow wetness algorithms have confirmed that a combination of snow surface 

skin temperature and snow grain size, analyzed in a time series of observations, can be used to infer 

wet snow, including giving an early warning of snowmelt start (Solberg et al., 2004). The 

temperature observations give a good indication of where wet snow potentially could be present, 

but are in themselves not accurate enough to provide sufficiently strong evidence of wet snow. 

However, if a rapid increase in the effective snow grain size is observed simultaneously with a snow 

surface temperature of approximately 0 °C, then this is a strong indication of a wet snow surface. 

The surface temperature of snow (STS) algorithm is based on an approach proposed by Key et al. 

(1997). In a comparison study by Amlien and Solberg (2003), this algorithm was identified as one 

of the best single-view techniques for retrieval of STS for polar atmospheres, and it can be applied 

with several sensors of moderate resolution, like MODIS, AVHRR, AATSR and OLCI/SLSTR. For 

snow grain size (SGS) we have used a normalized grain size index based on work by Dozier (1989) 

and followed by experiments by Fily et al. (1997). MODIS bands 2 and 7 have been used as this 

index is less sensitive to snow impurities.  

Based on the type of observations shown above, we developed an approach to infer categories of 

snow surface wetness (SSW) from a combination of measurements of STS and SGS in a short time 

series.  The temporal behavior of STS and in particular SGS let us infer the current snowmelt stage 

the snow surface is within from multi-temporal observations. We developed a decision-tree 

approach for classification into snow wetness categories. The decision boundaries were tuned based 

on calibration data from cal/val sites in Jotunheimen (in situ measurements of liquid water in the 

snow surface and weather station air temperature measurements) (Solberg et al., 2010). 
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SAR 

SAR imaging systems allow for imaging through clouds, and because SAR is an active system, 

day and night imaging is possible. Due to the nature in which microwaves interact with the surface 

features the information in the backscattered radar signals can be indicative of moisture content, 

salinity and physical characteristics (shape, size, orientation).  

Using SAR to map the snow cover has some limitations. A dry snowpack has minor influence on 

the SAR signals, and the reflected signals are dominated by the contribution of the snow/ground 

interface. However, when the snow is wet, the radar signals cannot penetrate the snow, and the 

backscattered signal is dominated by the contribution from the air/snow interface. The reflected 

signal is often lower from areas covered with wet-snow, compared to snow-free or dry snow-covered 

conditions.  

Wet snow may therefore be detected in a SAR image by comparing the backscatter coefficient 

values with corresponding backscatter coefficients from a reference image obtained at snow free or 

dry snow conditions (Nagler and Rott, 2000).  Hence, the algorithm for mapping wet snow is based 

on change detection using ratios of wet snow versus snow-free (or dry snow) surfaces.  

To avoid the need for reference images in the same imaging geometry, we have implemented an 

alternative method for mapping wet snow areas. This is based on the ‘flattening-gamma’ radiometric 

terrain correction approach by Small (2011). Without treatment, the hill-slope modulations of the 

radiometry threaten to overwhelm weaker thematic land-cover induced backscatter differences, and 

comparison of backscatter from multiple satellites, modes, or tracks loses meaning. The ‘flatting 

gamma’ SAR methodology suppresses a large part of the brightness variation in the SAR images 

caused by terrain variation, and may therefore provide a proper treatment to the hill-slope 

modulations. The ‘flattening-gamma’ products have shown great potential for improving SAR-

based mapping of wet snow in mountainous areas, e.g. at time of spring snowmelt. However, the 

quality of the ‘flatting-gamma’ products depends strongly on the quality of the DEM and precision 

of the geocoding. 

Multi-sensor/multi-temporal 

Whereas the application of optical sensors is limited by cloud cover, the current SAR sensors are 

limited to the detection of wet snow. Therefore, utilization of sensor synergy through multi-sensor 

algorithms is attractive for applications requiring frequent observations (Solberg et al., 2004).  

The Multi-sensor/multi-temporal Wet Snow (MWS) algorithm we have developed is novel and 

fuses optical and SAR data to map the wet-snow area. The idea is to combine multi-temporal 

observations of STS (surface temperature), SGS (snow grain size) and SWS (SAR wet snow) in a 

fusion model to generate significantly improved coverage in space and time than what is possible 

with single-sensor approaches. The algorithm fuses the optical and SAR observations using a 

Hidden Markov Model (HMM) approach. The snow map includes the thematic snow classes dry 

snow, moist snow, wet snow, very wet snow and soaked snow.  

The HMM approach based on modelling and assimilation was proposed by Solberg et al. (2008) 

for retrieval of Fractional Snow Cover (FSC). A set of snow states is defined, and for each snow 

state there is a corresponding reflectance and backscatter model. A similar approach was recently 

developed in the CryoClim project (www.cryoclim.net), where an overall accuracy of 93% was 

obtained for snow extent mapping when validating against synoptic weather stations (Rudjord et al., 

2015; Solberg et al., 2015).   

The basic idea of the approach is to simulate the states the snow surface goes through during the 

snow season with a state model. The states are not directly observable, but the remote sensing 

observations give data describing the snow conditions, which are related to the snow states. Solberg 

et al. (2008) applied a Hidden Markov Model (HMM) to model the states. There are other state 

modelling frameworks that could be applied as well. However, HMM is building on statistical 

theory making it possible to establish a sound probabilistic model derived from observational data 

(Baum and Petrie, 1966). Note that the HMM solution represents not only a multi-sensor model but 

also a multi-temporal model. The sequence of states over time is required to follow certain 

optimization criteria. Note also that the HMM model is applied per pixel, so each pixel’s history 

through the snow season is modelled. 
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According to the thematic snow wetness classes applied for the OWS algorithm, five 

corresponding snow wetness states have been defined in the hidden Markov model (Figure 1). 

Additionally, there is a state for patchy snow cover, depletion (< 100% FSC), and temporary snow 

(thin snow layer making full snow cover for a short period, also named ephemeral snow cover). 

Allowed transitions between states are shown by arrows. 

As the model shows, the wet snow classes are ‘chained’ such that the current state might move 

up to wetter classes or down to drier classes through its neighbors (in terms of liquid water content). 

The current state cannot change from, e.g., dry to very wet in one step, it has to move through moist 

and wet. However, a transition from each wet snow class to dry snow is allowed. This is motivated 

from the effect a cold, clear night sky might have, also in the melting season. 

The restrictions in transitions might seem somewhat artificial. However, if all transitions were 

allowed, the model would easily become too complex, too challenging to train and too unstable. The 

chaining is also motivated from in situ observations of the behavior of a typical seasonal snowpack 

through the melting season. There might be short-lived situations of all snow wetness classes 

occurring more or less anytime. However, significant and lasting wetness of a thicker upper snow 

layer is driven by the seasonal change of the mean air temperature. Higher wetness classes lasting 

more than as short fluctuations are first occurring when the mean air temperature is above 0°C and 

lasting for several days. The model inertia is expected to smooth out short-lived fluctuations and 

better represent the effective snow-wetness conditions. 

  

Figure 1. Hidden Markov Model for snow wetness fusing optical and SAR observations. 

PRELIMINARY RESULTS 

Examples of optical and SAR snow wetness maps from the 2015 snow season are shown for 

Norway in Figure 2 and 3. The optical-based (OWS) maps were in general quite consistent with the 

air temperatures. In most cases retrieval results of dry snow corresponded with air temperatures 

below freezing point, and retrieval results of one of the wet-snow classes with air temperatures 

above freezing point. The highest temperatures usually gave the wettest snow classes. When 

inconsistencies were identified, most could be well explained with transitions from cold and dry 

conditions during the night to wet snow at some time during the day. If air temperatures above 0°C 

have lasted for a short time (up to 2-3 hours), the snow surface has not necessarily become wet. 

What happens when the air temperature is above freezing point depends very much on the wind. 

The melting intensity strongly increases with wind speed for air temperatures above 0°C.  
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The OWS maps are also internally consistent in the way that the content usually follows the 

topography and local climate very well and without being noisy. The temporal transitions are similar 

in the way that increasing temperatures gives increasing wetness, also within the same day (for the 

cases when we had more than one snow map from the same day). Increasing temperatures during 

the day at lower altitudes also consistently brings wet snow to higher altitudes. Also, the classes 

follow the topography logically (canonically) with wettest snow at lower altitudes and reduced 

wetness with altitude. 

Figure 2. Examples of optical snow wetness maps for southern Norway based on MODIS from the 

2015 season. From left to right, 4 March, 9 April, 5 June, and 4 July. Explanation of snow wetness 

colors are shown in Figure 1. Light green represents fractional snow cover, dark green is snow-

free ground and gray is clouds. The spatial resolution is 1 km. Note that snow wetness is only 

retrieved for full snow cover. 

 

 

Figure 3. Examples of SAR snow wetness maps for southern Norway based on Sentinel-1A from 

the 2015 season. From left to right, 20 April, 24 May, and 29 June. Light blue represents wet snow, 

while green is either dry snow or bare ground. The spatial resolution is 50 m. 

 

By comparing SAR wet snow (SWS) maps with the temperature profiles at the five weather 

stations, we also conclude that Sentinel-1 is suitable for mapping wet snow in mountain regions. 

The use of ‘flattening gamma’ terrain correction reduces the terrain effects substantially, and we 

may therefore create daily mosaics by combing ascending and descending satellite passes. However, 

for mapping wet snow, this may not be desirable since the snow wetness varies between night and 

day due to varying temperatures. We have therefore chosen only to consider the afternoon 

(ascending) passes. 
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For the multi-sensor/multi-temporal (MWS) maps, we see that there is a good agreement between 

the snow wetness map and the 24 hour mean air temperature measurements. In general, freezing 

temperatures are shown as dry snow, while higher temperatures tend to be represented as wet snow. 

Disagreements can mostly be explained when looking at the development of the hourly air 

temperature measurements.  

We also see that the multi-sensor snow wetness maps show a qualitatively reasonable description 

of the situation. Most areas are shown as dry snow in the winter and gradually getting wetter through 

the melting season. Higher areas remain dry for longer, while the areas along the edge of the snow 

zone, at lower altitudes are shown as wetter. This gives a further indication that the snow wetness 

classes show a good description of reality. 

An inter-comparative study of the three products OWS, SWS and MWS would be of interest, but 

has not been done extensively so far. It has been difficult to find SAR acquisitions on the same days 

as there are optical images of moderate cloud cover. This situation should, however, improve 

significantly in 2017 when data from two Sentiel-1 satellites are delivered operationally at full 

performance. Also, an inter-comparative study is more logical to do when a proper calibration has 

been carried out with the 2016-season in situ data.  

We bring one example from Norway (Figure 4) where we found a SAR image acquired on the 

day after an optical image acquired under favorable conditions. The MWS and OWS maps represent 

the same day, the SWS map the next day. The temperature regime was similar for the two days, and 

areas at lower altitudes had non-freezing temperatures through the night. When temperatures below 

freezing point were measured, temperatures were just slightly below. 

Figure 4. Multi-sensor/multi-temporal wet snow map for Jotunheimen for 16 June 2015 (left), 

optical wet snow map for the same day (middle) and SAR wet snow map for 17 June 2015 (right). 

 

The MWS and OWS maps are quite similar, as one could expect since the optical should influence 

the multi-sensor result quite much. However, MWS is also multi-temporal, and that might explain 

some differences, in particular why the MWS map is more heterogeneous. The MWS map includes 

two more wetness classes than OWS (yellow and blue corresponding to very wet and moist, 

respectively). Wet snow in the SWS map represents a larger area than in the other two. This is also 

expected as the optical algorithm requires close to full snow cover at the 1-km scale, while the grid 

resolution in the SWS map is 50 m. The dry snow areas, shown as white in MWS and OWS, matches 

well with “no wet snow” in SWS. In this case late in the melting season these areas mostly represent 

the highest altitudes, typically glacial areas. 

The results from optical, SAR and multi-sensor were similar for the test area in Romania. The 

total snow-covered area is much smaller, and the mountains are steeper with the tree-line going up 

to about 1700 m.a.s.l. This gave less study data, but as the area is well-covered by meteorological 

stations a similar comparative analysis to Norway between air temperature and satellite-based snow 

wetness maps could be carried out here.  

An example of the three products, OWS, SWS and MWS from the same day, is shown in Figure 

5. The spatial resolution of the SAR image complements the snow wetness obtained from the optical 

image. The wet snow in SAR image is well correlated with snow wetness classes in optical image. 

The melting season is visible on MWS map as partial snow-covered pixels. This observation is 

supported by the positive air temperature at all weather stations between image acquisitions. At high 
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altitudes the negative temperatures during the night favor the snow cover to last longer than at 

medium and low altitudes where temperature are positive all day long. 

 

Figure 5. Multi-sensor wet snow map (left), optical wet snow map (middle) and  

SAR wet snow map (right) for 24 April 2015. 

SUMMARY AND CONCLUSIONS 

Algorithms for single-sensor wet snow mapping based on optical and SAR data were tested and 

improved, and a novel algorithm for a multi-sensor/multi-temporal combination of optical and SAR 

data was developed. The primary data sources for SAR and optical are Sentinel-1 and Sentinel-3, 

respectively, but due to lack of Sentinel-3 data Terra MODIS was used in this study. The multi-

sensor/multi-temporal algorithm generates a map product updated at least on a daily basis describing 

whether the snow surface is wet and how wet it is. The algorithms and products have been through 

the first stage of calibration and validation based on in situ measurements.  

The products are foreseen to be applied with hydrological modelling for flood prediction and for 

snow avalanche applications. They might be applied as part of the data basis for making warnings 

of snow avalanche hazards, and they might also be used for the detection of potential weak snow 

layer formation during the snow accumulation season.  

The validation results for the test sites in Norway and Romania for the 2015 season have been 

presented. The validation was limited to comparison with air temperature as this was what was 

available for the 2015 season, but will be extended with comparison with in situ snow liquid water 

measurements when these become available for the 2016/17 seasons. 

For Norway, data from five weather stations with hourly measurements were available for the 

Jotunheimen site. For Romania, data from eight stations were available. The comparative analyses 

were carried out for the two sites split into three time series of snow maps. They were based on 

optical data only, SAR data only and finally the fusion of optical and SAR in the multi-sensor/multi-

temporal snow maps.  

The validation analysis of the retrieval results for snow wetness from optical data confirmed that 

the approach of combining snow surface temperature and snow grain size, analyzed in a time series 

of observations, can be used to infer wet snow. Air temperature measurements from meteorological 

stations confirm in general the maps produced. Furthermore, C-band SAR data is very sensitive to 

whether the snow is wet or dry, which was confirmed in our work. However, C-band alone cannot 

be used to determine the degree of wetness. The novel multi-sensor/multi-temporal approached 

seems very promising, delivering retrieval results on a daily basis as categories of snow wetness 

independent of cloud cover. The approach is mainly data driven so lack of observations necessarily 

also give lack of quality. But when both Sentinel-1A and -1B becomes available with full 

performance of delivery in 2017, the observations become rather dense as Sentinel-3 also will give 

daily optical observations (but limited by cloud cover). 

Only using air temperature as a proxy for in-situ measured snow wetness is of course a limitation, 

and the classes in the maps do most likely diverge from their definition in terms of liquid water 

content. Proper calibration of the algorithms have to be done using data from the cal/val sites from 

the 2016 and 2017 seasons, followed by a validation also including in situ measurements of the 

liquid water content of the snow surface. 
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