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Abstract

Satellite Remote Sensing, with both optical and SAR instruments, can provide
distributed observations of snow cover over extended and inaccessible areas.
Both instruments are complementary, but there have been limited attempts
at combining their measurements. We describe a novel approach to produce
monthly maps of dry and wet snow areas through application of data fusion
techniques to MODIS fractional snow cover and Sentinel-1 wet snow mask, fa-
cilitated by Google Earth Engine. The method is demonstrated in a 55,000 km2

river basin in the Indian Himalayan region over a period of ∼2.5 years, al-
though it can be applied to any areas of the world where Sentinel-1 data are
routinely available. The typical underestimation of wet snow area by SAR is
corrected using a digital elevation model to estimate the average melting alti-
tude. We also present an empirical model to derive the fractional cover of wet
snow from Sentinel-1. Finally, we demonstrate that Sentinel-1 effectively com-
plements MODIS as it highlights a snowmelt phase which occurs with a decrease
in snow depth but no/little decrease in snowpack area. Further developments
are now needed to incorporate these high resolution observations of snow ar-
eas as inputs to hydrological models for better runoff analysis and improved
management of water resources and flood risk.
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1. Introduction

Snow is a key environmental indicator affecting both local and global cli-
mate, and is a precious source of freshwater as about one-sixth of the world’s
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population relies on rivers fed by the melting of seasonal snow and glaciers [1].
The Himalayas are of particular importance as they hold the third largest de-5

posit of ice and snow in the world, after the polar regions, and are the source of
the major rivers of South Asia [2]. The seasonal snow cover area (SCA) is com-
monly used as a proxy for estimating and forecasting water runoff from snow
melt [3, 4]. Previous studies have shown that satellite Remote Sensing (RS) with
both optical and Synthetic Aperture Radar (SAR) instruments can inform the10

understanding of the spatial and temporal variability of SCA [5]. Optical instru-
ments like the Moderate Resolution Imaging Spectroradiometer (MODIS) and
the Advanced Very High Resolution Radiometer (AVHRR) provide mature mea-
surements of fractional SCA via the Normalized-Difference Snow Index (NDSI)
[6]. In particular, AVHRR and MODIS offer long time series (from 1978 to15

today) of SCA measurements which are desirable to monitor long-term hydro-
logical processes [7]. These measurements refer to the total SCA but can not
discriminate wet and dry snow. Dry snow is only composed of ice particles and
air, while wet snow has liquid water as a third component [8]. In contrast, SAR
can identify areas of wet snow but is unable to detect dry snow [9, 10, 11, 12].20

Wet snow is typically identified using change detection applied to the backscat-
ter ratio between an image with wet snow and a reference image with only dry
snow or no snow. A constant threshold of -2 dB or -3 dB is often used to generate
a wet snow mask [9, 11, 13, 14]. Soft thresholds, as a function of the backscatter
ratio, have been used to derive the probability of wet snow [15, 16, 17]. [18] also25

suggested a method to retrieve the fractional cover of wet snow, Fw, using the
ratio,

Fw =
σ0 − σ0

g

σ0
w − σ0

g

(1)

where σ0 is the observed backscattering coefficient for an image during the
melting period, σ0

g is the backscattering coefficient of snow-free ground, and
σ0
w is the wet snow backscattering coefficient at the beginning of the melting30

season.These studies often use optical measurements of SCA to validate the
SAR detection of wet snow (with the underlying assumption that all the SCA
is wet snow) and have reported that SAR tends to underestimate the SCA near
the snow line.

Snowmelt does not necessarily translate into a decrease in total SCA, espe-35

cially in areas with deep snowpack where melting may result only in a decrease
in snow depth. While this melting phase cannot be detected by the MODIS
measurements of total SCA alone, it may be detected by the SAR measure-
ments of wet snow. Therefore, combining optical and SAR measurements could
improve the monitoring of snowmelt for more accurate runoff estimation and40

watershed management especially in sparsely-monitored and inaccessible areas
[17]. However, so far, the SAR measurements have mainly been used in cloudy
conditions to complement the MODIS measurements [19, 20, 21]. Only [17]
overlaid wet-snow data from Radarsat-2 and Sentinel-1 over an SCA map from
MODIS, so as to derived maps of both wet and dry SCAs for each SAR acqui-45
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sition date. Yet their study area was limited to a relatively small river basin
(14,000 km2) which could be covered by a single RADARSAT-2 ScanSAR Wide
image. For larger areas, a strategy is needed to deal with the different imaging
dates of multiple SAR swaths. In this paper, we present a strategy based on
the fusion of monthly MODIS and Sentinel-1 image composites which allows50

generating high-resolution monthly maps of wet and dry SCAs over large ar-
eas. Our approach also corrects the typical underestimation of the wet SCA
by Sentinel-1 using the MODIS measurements and a Digital Elevation Model
(DEM). The implementation is facilitated by Google Earth Engine (GEE), a
cloud computing platform which provides global-scale analysis capability and55

a multi-petabyte catalogue of satellite imagery including images from MODIS
and Sentinel-1 [22]. The method is applied to a large Himalayan river basin, but
could be extended to any area of the world where Sentinel-1 data are routinely
available, toward global wet/dry snow maps.

The study presented here is part of the project Sustaining Himalayan Water60

Resources in a Changing Climate (SusHi-Wat), which aims at improving our
understanding on how water is stored in, and moves through, a Himalayan river
system in northern India.

2. Materials

2.1. Study area65

The study area are the catchments of two large reservoirs in the Indian state
of Himachal Pradesh, which have a total catchment area of around 55,000 km2

extending into China. Fig. 1 shows the extent of the whole catchment. The
altitude, computed using the DEM from the Shuttle Radar Topography Mis-
sion (SRTM), ranges from 600 m above sea level in the west to 6,800 m in the70

Himalayan mountains, and the dominant land covers, according to the MODIS
land cover product (MCD12Q1), are sparsely vegetated (41%) and grasslands
(26%). Rice and wheat are the main cultivated crops and are grown during
the wet season (May-October) and during winter respectively [23]. The area
is imaged by 21 Sentinel-1 frames (10 frames from ascending passes, 11 frames75

from descending passes) and two MODIS tiles (h24v05 and h25v05). The Pong
and Bhakra reservoirs are used for hydropower generation and irrigation supply,
and are fed by the Beas and Sutlej rivers, respectively. The reservoir inflows are
highly seasonal due to the changing importance of snowmelt, with the lowest
flows in the winter when precipitation occurs mostly as snowfall. Warmer spring80

temperatures lead to increasing snowmelt and river flows. As the seasonal snow-
pack becomes depleted over the summer, glacier melt increasingly contributes
to runoff and overlaps in time with monsoon rainfall, leading to the highest river
discharges in July-August. On average, these rivers receive between 39 and 60%
of their runoff from melting of snow and glaciers [3, 4].85

2.2. SAR measurements - Sentinel-1

The processing of the images from the Sentinel-1 constellation (Sentinel-1A
and Sentinel-1B) was facilitated by GEE which provides a database of analysis-
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Figure 1: Location and extent of the studied catchment (55,000 km2). The catchment is
covered by 21 Sentinel-1 frames — 10 frames from 4 ascending passes (green) and 11 frames
from 5 descending passes (orange). The Pong and Bhakra reservoirs receive water runoff from
rainfall and snowmelt via the drainage network (blue).

ready Sentinel-1 images. These analysis-ready images were obtained by pro-
cessing Ground Range Detected (GRD) Sentinel-1 images using the Sentinel-190

Toolbox [24] to generate calibrated and terrain-corrected images. For the study
area and the study period, the standard acquisition mode is single polariza-
tion with vertical transmission and vertical reception (VV). Fig. 2 shows that
when only Sentinel-1A was available, there were on average a total of 25 im-
ages per month, i.e. each image frame was visited about 1.2 times a month,95

and this number doubled with the addition of Sentinel-1B. It follows that each
point of the catchment is visited from 1 to 8 times per month depending on
(i) the overlap between the image frames (Fig 1) and (ii) the acquisition plan
of Sentinel-1. June and July 2016 have the lowest numbers of images — 31%
and 10% of the study area was not imaged in June and July 2016 respectively.100

While MODIS is an always-on instrument with daily near-global coverage which
provides SCA measurements twice a day (MODIS Terra and MODIS Aqua) for
the two swaths needed to cover the catchment, Sentinel-1 needs multiple days
to image the whole catchment. This is because (i) the higher resolution of
Sentinel-1 (20 m) comes with a smaller image swath (250 km) and (ii) Sentinel-1105

only image areas according to its acquisition plan, i.e. the instrument is not
always switched on. For example, it took from the 1st May 2015 to the 20th

May 2015 (20 days) for Sentinel-1 to image the whole catchment. Therefore,
a temporal resolution of one month was deemed appropriate to produce snow
maps with full coverage of the catchment (with the exception of June and July110

2016).
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Figure 2: Number of Sentinel-1 images per month (total 1044 images) for the North-East
Indian catchment (138,000 km2)

The low revisit frequency of Sentinel-1, compared to the daily images from
MODIS Terra & Aqua, also means that Sentinel-1 may not always fully cap-
ture the wet SCA of a given month. The local time of image acquisition is also
relevant. Sentinel-1 may miss some wet-snow areas because the images are ac-115

quired at around 06:30 (descending pass) and 18:30 (ascending pass) local time,
compared to 11:00 and 14:00 for MODIS Terra and MODIS Aqua, respectively.
We implemented a method, detailed in section 3.2, to correct area estimates for
the associated potential underestimation of wet SCA by Sentinel-1.

2.3. Optical measurements - MODIS120

The two MODIS instruments, on-board the National Aeronautics and Space
Administration’s Terra and Aqua satellites, provide daily images of fractional
SCA (no distinction between wet and dry snow) at 500 m resolution (MOD10A1
and MYD10A1 collection 6 products) [25]. The measurement accuracy is about
93% and varies with the land cover [26]. The product tends to underestimate125

snow for forested areas where dense canopies may hide the underlying snow
pack. This limitation is not critical for our river basin which has only 1% of
forested area. The product may also overestimate snow due to snow/cloud
confusion particularly for cloud-shadowed land and thin snow cover. Although
methods have been suggested to reduce this overestimation using meteorological130

measurements from weather stations [27, 28], none was implemented in this
study as the required meteorological data were not available. Finally the typical
image obstruction by clouds was effectively mitigated by generating monthly
cloud-free composites — the daily Terra and Aqua images were combined by
averaging the cloud-free pixels. On average, from January 2015 to July 2017,135

each pixel was imaged without cloud 35 times a month, the worst month being
January 2017 with, on average, each pixel imaged without cloud only 20 times.
Therefore, the monthly composites are expected to reliably capture the average
fractional snow cover of each month.
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Figure 3: Methodology to produce monthly maps of fractional cover for dry and wet snow.
First, (a) monthly masks of wet snow and (b) monthly fractional covers of total snow are
created using Sentinel-1 and MODIS, respectively. Then, (c) the wet snow masks and the
fractional covers of total snow are combined and corrected to produce the final monthly maps
of fractional cover for dry and wet snow.
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3. Methodology140

3.1. Wet snow area detection

The wet snow detector is based on change detection applied to the ratio
of backscatter intensity between a given Sentinel-1 image (σ0) and a reference
image with dry snow conditions (σ0

g) [11], i.e. the ratio is σ0/σ0
g (or σ0 − σ0

g in
decibels). First, all the images are resampled to match the 500 m resolution of145

MODIS. Resampling was done by computing the mean of all the pixels within
a 500 m window. This resampling step also works as a speckle filter with a
25x25 pixel averaging window. Because change detection must be made between
images from the same satellite pass, we created reference images for each pass
covering the study area (4 ascending and 5 descending passes, Fig. 1). The150

reference images were computed by averaging all images acquired in December
and January of each year. This period corresponds to the coldest time of the
year, with accumulation of dry snow (MODIS measurements show a systematic
increase in total SCA), and where wet snow is unlikely. Images did not need
to be coregistered before computing the backscatter ratio, because of the high155

geolocation accuracy of Sentinel-1 [29] compared to the 500 m resolution of the
analysis. Pixels with a ratio value (σ0/σ0

g) below the -2 dB threshold, selected
in accordance with the study from [9] using Sentinel-1 data, were marked as wet
snow. The output of this first step is a collection of wet snow masks, one for
each Sentinel-1 image.160

3.2. Fusion of wet snow area (Sentinel-1) and total snow area (MODIS)

From the collection of wet snow masks (Sentinel-1), we created monthly
composites by taking the union of all the masks for a given month, i.e. the
maximum extent of wet snow. We then used the monthly wet snow masks
with the corresponding monthly fractional snow covers (MODIS) to derive the165

fractional cover of wet snow. The MODIS snow cover outside the wet snow mask
is the fractional cover of dry snow. The wet snow pixels outside the MODIS
snow cover are considered false positives (snow-free pixels wrongly detected as
wet snow by Sentinel-1) and are marked as no snow. Next, we corrected the
typical underestimation of wet SCA by SAR which occurs for areas with low170

fractional snow, but also due to the limited number of Sentinel-1 images per
month and the 6am/pm acquisition time. For each month, we computed the
average melting altitude as the average SRTM altitude of the uncorrected wet
snow mask within 100x100 km2 subsets, and set all the dry-snow pixels below
the average melting altitude to wet snow pixels. We also removed all the water175

bodies using the MODIS water mask product (MOD44W).

3.3. Area estimates: correction for missing Sentinel-1 data

In the previous section, we described a spatial method to correct the snow
maps for the underestimation of wet SCA by Sentinel-1. This correction does
not compensate for missing data, i.e. areas not covered by Sentinel-1 such as in180

June and July 2016. When computing the wet snow area estimates, we assumed

7



that the area without Sentinel-1 data had the same proportion of wet snow than
the area with available Sentinel-1 data . In practice, the largest correction occurs
in June 2016 with 31% of the study area not covered by Sentinel-1, but it only
accounts for 0.12% of the wet snow area, because the Sentinel-1 images are185

mostly missing over area of low fractional snow cover.

4. Quality assessment

4.1. Effect of local incidence angle

In Interferometric Wide swath imaging mode, the incidence angle of Sentinel-
1 ranges from 29 deg (near-range) to 46 deg (far range), but the Himalayan to-190

pography leads to a wider range of local incidence angles (Fig. 4a). Previous
studies reported a decrease in the SAR contrast between wet-snow areas and
non-wet-snow areas at extreme local incidence angles, i.e. below 20 deg or above
70 deg [9, 30]. This is confirmed by Fig. 4b which shows the angular variations of
backscatter ratio for wet and dry snow areas for images acquired in May 2017.195

This month was selected because it corresponds to a time of the year with estab-
lished melting conditions and still significant snow-covered areas. Pixels from
both ascending and descending images have been aggregated in bins of 5 deg.
The analysis is limited to pixels with local incidence angle between 10 deg and
80 deg because outside this range, the backscatter measurements become unreli-200

able [9]. At incidence angle away from 40 deg, the backscatter ratio approaches
the -2 dB threshold, so wet and dry SCAs become less separable. Fig. 5 shows
that combining ascending and descending passes only partially alleviates this
limitation as, for example, a pixel observed with a 70 deg incidence angle on
an ascending pass, tends to be seen with a 10-30 deg incidence angle on the de-205

scending pass. The main benefits of combining ascending and descending passes
are the increase in temporal resolution and the decrease in shadowed areas.

4.2. Robustness to different dry snow references

Fig. 6 shows the impact of using a dry snow reference different from the
one described in Section 3.1. The three curves of area estimates of wet SCA210

are similar, which suggests that the wet SCA detected by Sentinel-1 is robust
against the choice of the dry snow reference used in backscatter ratio. Note
that a separate dry snow reference mosaic for 2016 could not be computed,
because parts of the study area were not imaged by Sentinel-1 during that
period. As expected, the largest differences between the wet snow curves with215

dry snow reference in 2015 (reference ’15 yellow) and dry snow reference in
2017 (reference ’17 green) occur during the melting period of 2017 and 2015,
respectively, where the time difference between the two references is the largest
(2 years). In comparison, the curve with dry snow reference using all the images
available in December and January of each year (reference 15 16 17 blue), as220

implemented in Section 3.1, agrees with the 2015 curve throughout year 2015,
and agrees with the 2017 curve throughout year 2017. Combining dry snow
images from every available year is therefore demonstrated to provide the most
robust dry snow reference for the studied period.
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Figure 4: (a) The local incidence angle (θloc) is modulated by the topography. (b) Backscatter
ratio for Sentinel-1 images in May 2017 resampled at 500 m resolution, as a function of the
local incidence angle for pixels in the wet SCA (green) and pixels in the dry SCA (gray).
The middle line is the median and the shaded area corresponds to first and third quartiles.
Statistics are computed for pixels from ascending and descending images aggregated in bins
of 5 deg.

no shadow shadow

θloc

θloc

θloc θloc

θloc,asc θloc,dsc

θloc,asc

θloc,dsc

Ascending pass Descending pass

(a) (b)

Figure 5: Comparison between local incidence angle of ascending (asc) and descending (dsc)
passes. (a) A pixel which is seen with a large incidence angle on the ascending pass, tends
to be seen with a low incidence angle on the descending pass, and vice versa. (b) Local
incidence angle of ascending and descending passes. Combining ascending and descending
passes effectively removes shadows but only partially mitigate the reduced detection capability
of SAR at extreme incidence angles.
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of every year (reference ’15 ’16 ’17, blue). Reference ’15 ’16 ’17 is the most robust dry snow
reference for the studied period.

4.3. False positives225

Pixels wrongly detected by Sentinel-1 as wet snow, can be quantified by
computing the wet snow pixels detected outside the MODIS snow mask. Fig 7
shows that false positives are only a small fraction of the total catchment area
(0.9% at worst; black curve). This is thanks to the large number of images
used to compute the dry-snow reference and the significant speckle averaging230

during the resampling to 500 m resolution. According to the MODIS land cover
data, the overall increase in false positives during March-October (black curve)
occurs in grasslands and sparsely-vegetated areas. Surface scattering from the
soil may be progressively replaced by volume scattering in the vegetation as it
grows during summer. This volume scattering has a depolarisation effect which235

may result in a decrease in co-polarised backscatter (here VV) [31] leading to
the false positives. Dual-polarisation images (VV+VH) would be needed to
further investigate this source of false positives. During November-January,
the few pixels detected as wet snow by Sentinel-1 are mainly false positives
(blue curve). Further inspection revealed that these false positives occur around240

the boundaries of the two reservoirs (Pong and Bhakra). The surface area of
these reservoirs varies over time because of the monsoon, snow/glacier melt,
and reservoir operation. As a result, the reservoirs sometimes extend outside
the MODIS water mask product used to remove water bodies, leading to false
positives. All the false positives are automatically discarded when generating245

the monthly maps as they are outside the MODIS snow mask.

4.4. Effect of low fractional snow cover

Based on a comparison between snow areas detected by SAR and by optical
sensor, previous studies reported that SAR underestimates the snow area, par-
ticularly near the snow line where the SAR pixel is a mixture of wet-snow and250

non-wet-snow areas (no snow or dry snow) [11, 21, 32]. This is verified by Fig. 8
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Figure 7: False positives as a proportion of (i) the total catchment area (black) and the wet
snow mask detected by Sentinel-1 (blue). False positives are the pixels detected as wet snow
by Sentinel-1, but outside the MODIS snow mask, so marked as no snow in the final monthly
snow maps.

which shows that the backscatter ratio for wet snow (green line) approaches
the -2 dB threshold for low fractional snow cover, i.e. misclassification is more
likely. In comparison, snow fraction has little effect on backscatter ratio for the
dry snow area (black line), confirming that dry snow is mainly transparent to255

C-band SAR. [18] took advantage of this loss in contrast to estimate the frac-
tional snow cover directly from the SAR images. Their approach (Eq. 1) relies
on a linear relationship between fractional snow cover (Fw) and the backscatter
difference (σ0 − σ0

g) with a slope given by 1/(σ0
w − σ0

g). Instead, our results
suggest that an exponential model (Fw = −8.17e−6 exp(2.99(σ0 − σ0

g)) − 2.48)260

may be a better approximation.
The reduced detection capability for low snow fraction is clear on Fig. 9

which shows a map of wet and dry SCAs for May 2017. The dry SCA is divided
into two subsets, the area above the average melting altitude (green) and the
area below the average melting altitude (red). The overall melting altitude265

across the river basin (average of the melting altitudes computed for the 100 km
subsets) is 4635 m with a standard deviation of 1523 m. The dry SCA below the
melting altitude is not detected as wet snow because the average fractional snow
cover for this area is only 5%. It is also possible that part of the snow melted
before the first Sentinel-1 sampled the area on that month. Either way, the blue270

area on Fig. 9 is wrongly detected as dry snow. As explained in section 3.2, this
is corrected by setting all the dry snow pixels below the melting altitude (red
area) as wet snow pixels. This correction is not negligible, as for May 2017 it
increases the wet SCA by 18%. In the next section looking at time series of
SCAs, this correction is applied to each month of the melting period (April-275

August, see Fig. 6). Applying the correction outside the melting period results
in large overestimation of the wet SCA. This is because outside the melting
period, small patches of wet snow are detected by Sentinel-1, but these cannot
be used to compute a meaningful melting altitude.
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Figure 8: Backscatter ratio for Sentinel-1 images in May 2017 resampled at 500 m resolution,
as a function of the snow fraction measured by MODIS. The data are aggregated in bands
of 5 deg. The middle line is the median and the shaded area corresponds to first and third
quartiles. The model is fitted to the median data points.
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Figure 9: Map of the snow cover area for May 2017. Orange is the wet SCA detected by
Sentinel-1. Green and red are the dry SCAs which are above and below the average melting
altitude. The correction step sets red area as wet snow.
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4.5. Snow area estimates280

Fig. 10a shows time series of area estimates of dry and wet snow for the whole
catchment. The total SCA (wet+dry snow; blue line) reflects significant annual
variability — the total snow area in March 2015 is twice that in March 2016.
It also shows variations in the timing and extent of the accumulation period —
the accumulation period in winter 2016-17 started later (December 2016) than285

the accumulation period in winter 2015-16 (September 2015). This confirms
that December-January is the most suitable period to generate the dry snow
reference. Fig. 10a also shows two estimates of the wet SCA — the wet SCA as
detected by Sentinel-1 (dashed orange line) and the wet SCA after corrections
(continuous orange line) for (i) undetected wet snow below the melting altitude290

and (ii) missing Sentinel-1 data. While correction (ii) is negligible even for June
and July 2016, correction (i) increases significantly the wet SCA estimate.

Fig. 10b highlights that, while the time series of total SCA informs on the loss
of snowpack area due to melting, it does not capture the snowmelt generated
through a loss of snow-depth where snow remains at the end of the month.295

This is apparent in March 2015 and 2017 where there is a large wet snow area
(demonstrating melting) but little decrease in total snow area (occurring instead
on the following month). This demonstrates that the combined use of total
(optical) and wet (SAR) SCA enables a better understanding of the spatio-
temporal dynamics of the melting process.300

5. Discussion

5.1. Estimation of the fractional cover of wet snow

Our method relies on MODIS fractional snow cover to convert the wet snow
mask obtained with Sentinel-1 into a fractional cover of wet snow. Fig. 8 suggests
that the fractional cover of wet snow could be directly estimated with Sentinel-1305

by applying an exponential model to the backscatter difference σ0
i − σ0

g (using
the notation of Eq. 1). However, a priori, the numerical expression of our model
is only valid for the studied catchment and for Sentinel-1 images resampled to
500 m resolution images. Consequently, further analysis would be needed to
assess the validity of the model at finer resolution, and take advantage of the310

high resolution of Sentinel-1. In terms of model calibration, the linear approach
from [18] has the advantage of relying only on SAR images, without the need for
the MODIS fractional snow cover. The slope of their linear model is given by
1/(σ0

w−σ0
g), so the model adapts to variations in land covers. This is particularly

attractive in regions with forested areas (not present in our catchment) which315

have been reported to limit the backscatter contrast between wet snow and
dry snow (contrast as low as -1 dB [17]). A more detailed analysis of the two
methods, over an area with various vegetation covers, would be needed to fully
understand their advantages and limitations.
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Figure 10: (a) Time series of monthly SCA estimates for the study area. (b) The wet snow
measurements (orange line) in April 2015 and 2017 show that there can be significant snowmelt
with no/little decrease in total snow area. The maximum decrease in total snow cover occurs
one month after the time of maximum snow melt area.
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5.2. Selecting the reference image for the SAR change detection320

In theory, images acquired in dry snow or no snow condition can be combined
to form the reference mosaic [9]. In practice, the measurements of total snow
(Fig. 10a) show that our study area is never completely snow free, so that only
images acquired during the accumulation period are reference candidates. For
long term monitoring of wet SCA (for example over 15 years), using reference325

images close to the analysis date may be more suitable than combining all
images available for the whole study period as we did for this study (spanning
only 2.5 years). For example, this would limit erroneous detection due to long
term changes in land uses and land covers. The reference images used for a given
analysis year could be dynamically selected from knowledge of the accumulation330

period with the MODIS measurements of total snow.

5.3. Impact of Sentinel-1 acquisition time and revisit frequency

The Sentinel-1 satellites, like most spaceborne SAR, are on a dawn-dusk
orbit and cross the equator around 06:00 (descending pass) and 18:00 (ascend-
ing pass). This is driven by power requirements of the SAR instrument —335

the dawn-dusk orbit allows the satellites’ solar panels to continuously see the
Sun. These imaging times are not optimal for monitoring wet snow because of
potential refreezing of the snowpack in the early morning and late afternoon
which may result in underestimation of snowmelt [11]. The effect of the acquisi-
tion time could be investigated to some extent by comparing the backscattering340

coefficient of ascending and descending pairs of images for areas imaged with
similar incidence angle (Fig. 5b). However, correcting for the underestimation
of wet snow may not be straightforward. For example, a correction could be
based on temperature measurements from weather stations which would reflect
the diurnal variations in snowmelt, but these local ground measurements will345

not capture spatial heterogeneities in temperature.
The limited revisit frequency of Sentinel-1 may also impact the accuracy

of the wet snow area estimates. While the daily MODIS images are likely
to provide reliable estimate of the average SCA for each month, the sparser
Sentinel-1 images may not always capture accurately the corresponding wet-350

snow fraction. This is particularly true if the wet SCA varies significantly within
a given month. As a result, the wet SCA estimate for March (where the melting
season starts but snowmelt may not occur everyday) is likely to be less accurate
than that of April (where snowmelt is clearly established). The impact of the
limited data availability was certainly more severe when only Sentinel-1A was355

available. With the addition of Sentinel-1B in October 2015, any location in
the river basin was covered at least 5 times per month (6-day revisit frequency)
with a maximum of 13 times in areas with overlapping images. One way to
assess the uncertainty of wet snow estimate for a given month would be to look
at the variation in wet snow mask across the Sentinel-1 images. Small variations360

would suggest that the wet snow area may be relatively constant throughout
the month and that it can be reliably captured even with few Sentinel-1 images.
Large variations would signal higher uncertainty on the final wet snow estimate.
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5.4. Application to hydrological modeling

Snow accumulation and melt processes play an important role in the natu-365

ral regulation of water resources and flood risk in mountainous catchments in
many parts of the world (e.g. Himalayas, Andes, Alps, and Rocky Mountains).
They are usually integrated into hydrological models that consider other hy-
drological processes to produce the different flow components (rainfall-derived
runoff, snow/ice melt and groundwater) that define stream flows. Such models370

need to be calibrated/validated against observed variables, with river flows be-
ing the most widely used measurements. However, the uncertainty related to
sparse weather observations and the difficult distinction between the contribu-
tions of the different water sources may lead to significant uncertainty in the
simulated river flow [33, 34]. This uncertainty can be reduced by improving the375

understanding of the diverse hydrological processes in play [35, 36].
Data on total SCA are already used as model input in some hydrological

models which use temperature index models [37, 38, 39, 40, 41] to calculate
snowmelt. They consider that the area of snow cover above a threshold tem-
perature melts at a rate proportional to the temperature or to the temperature380

and solar radiation, which may oversimplify snowmelt dynamics [42]. Input
data that characterize the evolution of the wet SCA could improve the accuracy
of modelling results by, for example, supporting the definition of seasonal pa-
rameters such as melt rates or albedo [43, 34], and for the calibration/validation
of the snowmelt processes [44, 45, 46].385

One of the inevitable limitations of RS-derived data for hydrological mod-
elling is the limited length of the time series that can be generated. Such data
products may not capture the full historical variability of hydrological process
behaviour. Nevertheless, this shortcoming will improve as more years of data
become available.390

5.5. Towards global wet and dry snow area monitoring

Our approach could be deployed to larger areas as GEE was designed for
planetary scale analysis. With MODIS, cloud-free monthly composites of total
snow are certainly achievable for most parts of the world. Our study period
corresponded to the operations ramp-up phase of the Sentinel-1 constellation395

during which single-polarisation (VV) Interferometric Wide (IW) swath was
the standard imaging mode. Since early 2017, Sentinel-1 has reached nearly full
operational capacity, which means that dual-polarisation (VV+VH) IW swath
mode has become the standard imaging mode over mountainous regions such as
for e.g. the Himalayas, the Andes, and the Rocky Mountains. [9] showed that400

the VH polarisation has better detection capability at extreme incidence angles
than the VV polarisation, and suggested a method to fuse the detections from
both polarisations. Their approach could be implemented within our method to
make the most of the unprecedented volume of Sentinel-1 data. Finally, a global
application of our method would require the simple substitution of a different405

DEM (ASTER DEM [47], ALOS Global DEM [48]) to estimate the average
melting altitude for latitudes above 60 deg North and below 56 deg South which
are not covered by SRTM.
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6. Conclusion

We presented a method to estimate monthly dry and wet SCAs using a410

combination of MODIS and Sentinel-1 with the GEE platform. We assessed the
limitations of the wet snow detection with Sentinel-1, and suggested corrections
to mitigate them. The underestimation of wet snow in areas with low fractional
snow cover was corrected for by setting all the undetected snow pixels below the
average melting altitude as wet snow pixels. This also corrected for undetected415

wet snow areas because of the limited revisit time of Sentinel-1, compared to the
daily MODIS images. Our results also suggest that the detection of wet snow
can be related to the fractional cover of wet snow via an exponential model.
Finally, a comparison between the monthly change in total SCA and wet SCA
highlighted the potential presence of snowmelt processes which occur with a420

decrease in snow depth but with no/little decrease in snowpack area.
As GEE is designed for planetary-scale analysis, the proposed method could

be extended to any areas where Sentinel-1 data are available, allowing routine
monitoring of wet and dry SCAs for better understanding of the snowmelt pro-
cess. Further developments are now needed to enable the assimilation of these425

Earth Observation measurements in hydrological models for improved manage-
ment of water resources.
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