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Abstract @

Snow cover maps provide an information of great practical interest for hydrologic purposes:
when combined with point values of snow water equivalent (SWE), they allow to estimate the
regional snow resource. In this context, Earth observation satellites are an interesting tool for
evaluating large scale snow distribution and extension. MODIS (MODerate resolution Imaging
Spectroradiometer on board Terra and Aqua satellites) daily Snow Covered Area product has
been widely tested and proved to be appropriate for hydrologic applications. However, within
a daily map the presence of clou s can hide the ground, thus obstructing snow detection.
Here, we considered MODIS binary products for daily snow mapping over Po river basin. In-
vestigating the variability of snow cover duration, distribution and snow water equivalent is a
first step for understanding the possible impacts of climate change on the regime of the ma-
jor Italian river. Ten years (2003-2012) of MOD10A1 and MYD10A1 snow maps have been
analyzed and processed with the support of 500 m-resolution Digital Elevation Model (DEM).
We firstly investigated the issue of cloud obstruction, highlighting its dependence on altitude
and season. Snow maps seem to suffer the influence of overcast conditions mainly in mountain
and during the melting period. Such a result is certainly related to satellite times of overpass-
ing, since cloud coverage over mountains usually increases in the afternoon: however, in Aqua
and Terra snow products it highly influences those areas where snow detection is regarded with
more interest. In spring, the average percentages of area lying beneath clouds are in the order of
70 %, for altitudes over 1000 m a.s.1. Then, starting from previous studies, we proposed a cloud
removal procedure and we applied it to a wide area, characterized by high geomorphological
heterogeneity such as Po river basin. While conceiving the new procedure, our first target was
to preserve the daily temporal resolution of the product. Regional snow and land lines were esti-
mated for detecting snow cover dependence on elevation. In cases when there were not enough
information on the same day within the cloud-free areas, we used a temporal filter with the aim
of reproducing the micro-cycles which characterize the transition altitudes, where snow does
not stand continually over the entire winter. In the validation stage, the proposed procedure has
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been compared against others, showing improvements in the performance for our case study. At
the same time it is quite handy both in terms of input data required and computational efforts.

1 Introduction

Climate change is expected to have a significant impact on water availability of snow-dominated
regions (Beniston, [2003; Barnett et al.l [2005). The discharges generated by mountain areas
largely contribute to streamflows of many rivers that cross the most populated and economi-
cally developed regions in Europe. Several authors agree in predicting a shift of the hydrologic
regime of the main European rivers, due to a changed behavior of the mountain valleys. Changes
are predicted for Rhine (Shabalova et al., [2003; [Lenderink et al.,|2007; [Hurkmans et al., 2010;
Junghans et al.,2011), Rhone (Etchevers et al.| 2002; Boé et al., 2009) and Danube (Hagemann
et al., 2009). Focusing on Po river system, Alpine areas cover 35 % of the basin and contribute
on average for 53 % of the total discharge (Vanham, 2012). Understanding the effects of atmo-
spheric forcings on snow cover duration and distribution at the basin scale is a starting point for
modeling climate change impacts on hydrologic regime. Besides such variables can be consid-
ered reliable indicators of climate trends (Haeberli and Beniston, |1998}; [Beniston, [2003)), since
snow cover depths and distribution are not only the results of diurnal values of temperature and
precipitation, but mostly a product of the history of these two variables from the beginning of
the accumulation season (Beniston, [1997).

In this perspective, remote sensing can be useful for reconstructing recent changes of snow
cover extent, distribution and duration in wide regions such as northern Italy. Moreover, the
use of snow cover maps for hydrological purposes is an effective tool, since the combination
of a large-scale information with local estimations or measurements of snow features allows
to estimate the snow water equivalent (SWE) stored within a river basin (Molotch and Mar-
gulis, [2008; Bavera and De Michelel [2009). Moderate Resolution Imaging Spectroradiometers
(MODIS) employed by Terra and Aqua satellites provide a Snow Covered Area product (SCA)
with 500 m and daily resolutions, which consists in binary maps where snow is detected at the
pixel-scale. The accuracy of MODIS Snow Cover Products depends on region, season, snow
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condition and land cover type (Klein and Barnett, 2003; Maurer et al., 2003} [Simic et al., [ 2004;
Zhou et al., 2005} [Tekeli et al., 2005} |Ault et al., 2006} Parajka et al., 2006; Hall and Riggs)
2007; |Liang et al., 2008)). In Europe, [Parajka et al.| (2006) compared daily MODIS snow maps
with in situ data of 754 climate stations over the whole Austria, reporting an average clas-
sification accuracy of 95 % on cloud-free days. The wide and heterogeneous Austrian territory
presents similarities with our case study. However, the primary limitation in using MODIS snow
products is that no information on ground conditions is available in areas hidden by cloudiness.
During a year, clouds may obscure most of the study area restricting the potentiality of using
such snow cover images. For example [Parajka et al.| (2006) indicated that, on average, clouds
obscured 63 % of Austria in daily snow maps from February 2000 to December 2005. The ad-
vantage to benefit of a reliable product with daily temporal resolution is therefore conditioned
to the ability of estimating the presence of snow in overcast conditions. With this target several
procedures for MODIS products have been developed and tested in different regions (Parajka
and Bloschl, [2008]; \Gafurov and Bardossy, |2009; Wang et al., [2009; |Hall et al.| [2010; [Parajka
et al., 2010; Paudel and Andersen, 2011). Such methods are based on spatio-temporal combina-
tion of MODIS data and can generate cloudless images having accuracy comparable to that of
the source product. Contrary to the case studies in|Gafurov and Bardossy|(2009) (Kokcha basin:
elevations range from 416 ma.s.l. up to 6383 ma.s.l., about 75 % of the basin area lies above
above 2000 m a.s.l.) and |Paudel and Andersen|(2011) (Trans Himalayan region: 96 % of the area
lies in the elevation zone above 3000 m a.s.l., with 43 % of the area above 5000 m a.s.l.), many
European rivers drain basins which cover altitudes from the lowlands up to 4000 m a.s.l. in the
Alpine region. The majority of the drainage areas corresponds to elevations where snow dynam-
ics are fast and several snow accumulation — snowmelt cycles may happen over the year. This
makes snow mapping under clouds a definitely hard challenge. A spatio-temporal combination
of MODIS images for cloud reduction was tested by Parajka and Bloschl|(2008) over the whole
Austria, a territory more similar to our case. Testing some backward filters (2-days, 5-days and
7-days), they obtained a minimum accordance with ground observation of about 92 % in rela-
tion to a seven days temporal filter. The latter was applied after merging Aqua and Terra images.
However, temporal filters leave a percentage of cloud cover depending on the allowed temporal
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window from which the procedure can derive information to add to the cloudy day. Moreover,
the accuracy of this method resulted highly dependent on the period of the year (Parajka and
Bloschl, 2008). During the winter snow processes in mountains are slower and in the middle of
the summer snow maps tend to a steady layout with snow over glaciers and snowfields. In con-
trast, both in spring and autumn ground conditions change faster, due to snowfalls or snowmelt
which determine several land/snow micro-cycles on the transition altitudes.

Relying on recent proposals (Gafurov and Bardossy, [2009; |Parajka et al., 2010; Paudel and An-
dersen, [2011]), we developed an innovative cloud removal procedure based on five subsequent
steps. The aim is to integrate and improve methods proposed previously in order to maximize
the performance of the procedure with reference to Po river basin. At the same time we avoided
the requirement of data from other satellites or information on land cover types: our solution
involves only Aqua and Terra daily maps and a DEM of the domain.

This work is structured as follows. Firstly, we present the source MODIS snow products, the
stepwise procedure and the validation methodology. The description of the procedure is pre-
ceded by a concise introduction which explains the order of the steps. Then, we provide a short
description of the case study, focusing on the most interesting aspects for our targets. Finally,
we show and discuss the results obtained both in terms of effectiveness and accuracy. Here,
the performances are compared to those of a mere 7-day backward temporal filter to show that
the increased complexity is justified by an higher reliability of the novel procedure. A detailed
examination of the accuracy of each individual step is provided as well.

2 Methods

The Spectroradiometers employed by Terra and Aqua satellites provide a snow covered area
product (SCA) available in the National Snow and Ice Data Center (NSIDC) Distributed Active
Archive Center. Maps belong to Collection 5 (Riggs et al., 2006) of MODIS snow products,
released after the reprocessing which began in September 2006, showing improvements in the
cloud mask product and improved screening for erroneous snow. Cloud masks are derived from
MOD35, with daily temporal and 1km spatial resolution. Each pixel not masked by clouds

5

TodeJ UOISSNOSI(]

TodeJ UOISSNOSI(]

TodeJ uOISSNOSI(]

TodeJ UOISSNOSI(]


Highlight
the spectrometers on-board Terra and Aqua actually provide data to obtain snow cover, not directly snow cover products (but it is understandable anyway)


is processed by the snow-mapping algori@ (Hall et al., 2001). It consists of some tests and
decision rules that identify snow in each pixel of a MODIS image, and it is able to detect
snow even in dense forests (Klein et al., [1998)). The procedure for snow detection employed by
MODIS Snow Products works on a pixel-by-pixel basis involving a grouped-criteria technique
which uses the Normalized Difference Snow Index (NDSI) and other spectral threshold tests
(Hall et al., |1995; [Klein et al., [1998; [Hall et al., 2001). SCA is included in MOD10A1, a set of
daily products available from February 2000 that contains data from the Terra satellite, while
MYDI10A1 are similar products derived from MODIS on board the Aqua satellite (launched in
May 2002). The snow cover daily tile (SCA) contains a binary information (snow/not snow)
for each pixel. MOD10A1 and MYDI10A1 provide even daily snow albedo (Klein and Stroeve,
2002) and fractional snow cover (FSC) (Salomonson and Appel, 2004, [2006). Our choice of
adopting the binary product instead of the fractional one is due to its wider use in the last
decade, that produced several assessments of its reliability (Hall and Riggs|, 2007). MOD10A1
and MYDI10A1 are generated through a mapping of pixels derived from the swath products
MOD10L2 and MYDI10L2 to their geographic locations in a MODIS-specific global sinusoidal
projection.

2.1 Data pre-processing

Daily snow products MOD10A1 and MYDI10A1 are downloaded from NASA’s EOSDIS
“Reverb”. Snow cover daily tiles are provided in sinusoidal projection. Tiles are 10° by 10°
at the equator. The study area is entirely covered by the h18v04 tile. Snow maps of Northern
Italy are then projected into UTM WGS84 coordinate system, Zone 32 band T, and overlapped
with a mask of Po river basin. We reclassified MODIS snow cover maps from original pixel
classes (Riggs et al., 2000) to three classes: snow, land (not snow) and cloud. Here, “Missing
data” and “No decision” fields are treated equally to cloud pixels, where snow presence has
to be investigated. We preprocessed daily Terra and Aqua SCA maps from January 2003 to
December 2012. Except for a few particular days in which information is missing, over this
period two daily observations are available from Terra and Aqua. Accordingly, the cloud
removal procedure requires as input two pre-processed snow cover maps per day and the DEM
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of the area.

2.2 Investigation on cloud obstruction

The issue of cloud obstruction is studied to better understand how much it would restrict the
fruition of remote sensing products with daily temporal resolution. Once reclassified each snow
map in three classes (cloud C, snow S, land L), let No 4(Z > 2r1), Nya(Z > 21), Nia(Z > 21)
be the numbers of cloud, snow and land pixels included in the map of day d, for elevations
greater than zt. For 21 = 2y, the basin is considered in its entirety. Nio(Z > z7) is the sum
of Nea(Z > 21), Nsa(Z > 21) and N14(Z > 2r). We get that

o Nc,d (Z > ZT)
Cq (Z > ZT) = —Ntot(Z > ZT) (1

represents the percentage of area hidden by clouds for Z > zr , observed at the day d. Besides
daily values of cloud cover, average monthly, seasonal and annual values of Cy are used in this
study. For example, the average annual value (), is obtained as

idj Cd (Z > ZT)
Cal(Z > 21) = (C4(Z > 21)) = & )

nq

where nq is the number of recorded days for that year. Average seasonal values of cloud cover
can highlight systematic trends of cloud obstruction, shedding light on the most affected peri-
ods of the year. Given that the cloud removal procedure is engaged especially in periods with
important cloud amounts, seasons and months with higher average values of Cy are the most
subjected to estimation errors.

We conceived cloud-obstruction maps to highlight the relationship between elevation and the
frequency of cloud cover. They represent the number of cloud observations per pixel within the
domain, computed on annual or seasonal basis. Since snow presence depends on altitude, this
tool gives a practical information on the elevation ranges where the cloud removal procedure is
mostly employed.
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2.3 Cloud removal procedure

The procedure is composed of 5 steps summarized in Fig. [I] using a flowchart. The sequence
order has been designed so that moving from step 1 to step 5 the temporal window of the data
involved for cloud removing is progressively increased from one day to the entire year. The
basic assumption is that data closest in time are more reliable for snow mapping despite cloud
obstruction, especially when they are recorded both previous and after the cloudy day. This
hypothesis loses its foundation only when the nearest information is too far in time, so that its
reliability is likely to be lost. In this procedure, data nearest in time are used when they come
from observations of the previous 6 days. Thus, the threshold is set to one week (6 days plus
the one under examination). In unfortunate cases when clouds hide the same area for more than
a week, other approaches must investigate snow presence. Here, we address these situations by
detecting a likely ground cover on the basis of a year cycle composed of a land and a snow
season.

The first three steps, as well as their order, are similar to those included in (Gafurov and Bar-
dossy| (2009). Step 1 combines Aqua and Terra images of the same day, taking advantage of
the fact that cloud cover may vary significantly even within few hours. Step 2 is a conserva-
tive temporal filter (+2/-2 days), which adopts data available in the nearest days but only when
such observations are found both previous and after the day under examination. Step 3 uses the
regional snow and land lines (Parajka et al., |2010) and it is based on snow cover dependence
on altitude. It follows step 2 since previous steps make available an higher amount of valuable
data that can be used for detecting snow distribution over elevations. Step 4 consists in a six day
backward temporal filter. Thus, it involves a week of MODIS images. The introduction of step 4
has been justified by the good performance provided by the 7-day backward temporal filter used
in|Parajka and Bloschl| (2008)) for Austria. However, when clouds cover the same pixel for more
than one week, it seems more likely that ground conditions are those typical of the season than
those observed 7 (or more) days before. Here, step 5 intervenes detecting two season (snow and
land) as part of a yearly macro-cycle. This final analysis considers one calendar year of snow
maps.
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23.1 Stepl

The first step crosses Terra with Aqua information of the same day. The source map is the daily
binary product (SCA) in MOD10A1 provided by MODIS on board the Terra satellite. Aqua
MYDI10A1 images are involved in order to classify pixels obscured by clouds in the source Terra
images. The choice of a source map is important since Terra and Aqua products may present dif-
ferences due to the different times of overpassing these satellites. Aqua observes the considered
area few hours later, in the afternoon, when cloudiness usually increases and ground condition
might be changed. Once chosen MOD10A1/SCA as starting product, MYD10A1/SCA inter-
venes only by adding information for pixels not already identified as snow or land by Terra
MODIS. Thus, Terra maps rule any incongruity. The choice of MOD10A1/SCA as the main
product descends from several validations it has been subjected (Hall and Riggs| 2007).

We name Mapr(d, z, y, z) =S, L or C respectively a snow, land or cloud cell in the Terra snow
product, centered in (x, y, ) at the day d. Similarly we name Mapa (d, z,y,z)=S, Lor C' a
snow, land or cloud pixel within Aqua map. The first step returns Map; (d) composed of snow,
land, and cloud pixels ready to be processed by the next. Since we are looking for a daily map
and this passage merges observations of the same day, it actually does not introduce any loss of
accuracy.

23.2 Step2

The second step estimates ground cover deriving information from the neighboring days, but
only when such conditions can be considered stationary over an appropriate temporal window
(Gafurov and Bardossy, 2009). For each cloud cell, Map; (d, z, y, z) = C the algorithm analyzes
its classification in the snow maps of the previous two days and of the next two days. Map; (d —
1), Map; (d — 2), Map; (d + 1), Map; (d + 2) may contain new information. When agreement is
found between the classifications within a maximum time interval of three days, such condition
is used for classifying the pixel of Map; (d). Classification rules are summarized in Tab. 1| for
all the cases in which the intervention of step 2 is allowed. For instance, if a pixel at d — 1 is
marked as snow covered, Map; (d — 1, x, y, z) =S, and snow is observed also one or two days
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after d, the cloud pixel C' is converted into snow by step 2. The same correction intervenes if
correspondence is found between d — 2 and d + 1. The same applies for land observations.
The step is not involved whenever inconsistency between ground conditions does not allow
to draw likely conclusions on d: for example, if the sequence of observations is Map;(d —
1,z,y, z)=5,Mapi(d, z,y, z) =C and Map; (d + 1, x, y, z) = L the algorithm does not apply
any correction to the cell, letting the subsequent steps the chance of determining whether there
is snow. The basic assumption which justifies this filter is based on the concept that if both
the previous and the next days have the same surface cover, such condition is kept in cloudy
weather (Gafurov and Bardossy}, |2009). Even if snowmelt may occur during overcast days,
direct shortwave radiation is shielded by clouds that reduce the solar energy available for the
melting process. On the other side, when the area is snow free during the previous and the next
remote observations, it might be snow covered in the meantime, but snow amount and duration
would not be determinant for hydrological purposes.

233 Step3

The third step is based on elevation dependence of snow cover. The concept is to find the right
altitude below which we can assume the cloud mask to hide land pixels, and the elevation above
which all pixels are likely snow. On the one hand, temperature is usually linked to altitude by
a linear relationship depending on temperature lapse rate. Snow distribution in mountain is the
result of snowpack conditions evolving during the whole winter season; particular situations
such as temperature-inversion may occur, but they are not expected to produce a determinant
impact on snow patterns. On the other hand, temperature is frequently used to determine both
the aggregation state of precipitation and the melt rates (Schaefli et al., 2005, 2014])). The widely
used temperature-index melt model (Hock, [2003}; |Ohmura, [2001)) is based on the assumption
that melt fluxes are linearly related to air temperature, which is seen as an integrated index of
the total energy available for melting.

Step 3 involves a criterion similar to the regional snow and land lines approach proposed by
Parajka et al.| (2010). The regional snow line, p, is the mean altitude of snow covered pixels
within the basin. The regional land line, py, is defined similarly as the average altitude of land
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pixels, calculated over the cloud-free part of the domain. However, our step 3 adopts even a
subdivision of the area per aspect classes. Depending on its exposure, each cell is matched with
one of the four classes N, S, W, E. Thus, we allow classes to have their own snow and land
line altitudes, elevations that may be affected by solar radiation amount. This measure can help
in reproducing accurate snow profiles during the melting seasons, when snowfalls are rare and
direct shortwave radiation rules the melting process (Hockl [1999). Shortwave radiation may be
adopted as the main representative of global radiation, since the other components depend on it,
directly or indirectly (Dubayah and Rich, {1995} | Kumar et al.| [1997). Once individuated ps and
L1, step 3 turns into snow the cloud mask standing above the snow line and into land the part
below the land line:

Map, (Z > ps) = C — Maps (Z > ps) = S 3)
Map, (Z < ) = C — Maps(Z < py) = L 4)
Map, (11 < Z < ps) = C — Maps (i < Z < ps) = C. (5)

We avoided a discretization of the domain in sub-basins or homogeneous landscape units
(Paudel and Andersen, [2011)), to make the procedure independent from additional data. Other
proposals define such threshold altitudes focusing on the highest land pixel and the lowest snow
pixel (Gaturov and Bérdossy, 2009; |[Paudel and Andersen, 2011)). Here, the limitation results
from the exportation of a local assessment, linked to a single cell wherever located, as informa-
tion on snow distribution over the whole study area. Within a densely urbanized basin, isolate
snow-free areas may stand at very high altitude also in winter, thus shifting upwards the assess-
ment of the snow line. Besides any error of MODIS Snowap algorithms, which would classify
isolate land cells where snow is expected (e.g. a snow area lying in shadow not individuated by
the snow mapping procedure) or vice versa (e.g. the misclassification of cirrus clouds as snow
in the period between May and October), may prevent the effectiveness of step 3.

We introduced some limitations to the intervention of the regional line method. First, we al-
lowed its application only in cases when the basin is at least 50 % cloud-free, in order to ensure
a representative estimation of the actual snow and land average altitudes. Furthermore the snow
line is calculated only if observed snow pixels are at least 5 % of the observed land pixels. 5 %
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is a representative percentage of the snow pixels found in maps during the late spring on some
cloud-free days. Throughout the winter, the ratio between the number of pixels classified as
snow and the number of snow-free pixels should be higher even in presence of clouds. If this
condition is not met few snow areas are observed and their mean altitude can not be consid-
ered representative of the actual snow pattern for the whole study area, even when the sky is
enough clear. With the same purpose we let the algorithm skip the assessment of the snow line
in summer (from June to September), when the percentage of snow areas is very low. The lat-
ter measure is designed to avoid errors arising from the classification of some clouds as snow;
this misclassification may become determinant in assessing the snow line, because of the lower
number of actually snow-covered cells.

234 Step4d

Until this point the target of maintaining snow maps with daily temporal resolution is kept.
Step 1 and 3 bring down cloud obstruction using information from the same daily map, while
step 2 uses data from close days but only when ground condition can be assumed constant over
time. Further passages must solve the transition band which lies between land and snow re-
gional lines, and all the other cases when step 3 is not involved.

Step 4 uses information derived from a selected time window. Ground conditions are thus ap-
proximated as stationary over a chosen period. The more we expand this window, higher is the
probability that ground cover is changed within (Parajka and Bloschl, [2008). Here, we chose
a 6-day backward temporal filter. A pixel obscured by clouds at day d, is classified to snow or
land depending on the last time it was observed in the previous six days (ie the most recent
snow/land classification is used given that it falls in the previous six days). The threshold of
6 days ensures a temporal resolution of the output map higher than MODIS 8-day snow prod-
ucts, which contains the maximum snow cover extent over an 8-day window. Looking at the
results provided by a 5-day and a 7-day filter for Austria (Parajka and Bloschl, 2008), 6-days
could be a good compromise to ensure a good level of accuracy while reducing cloud pixels
to a very low percentage. Since errors generated by step 2 and step 3 would be used in step
4, the 6-day filter removes remaining clouds exploiting output maps by step 1. This ensures
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that the most recent classifications come from observations and not from estimates. Otherwise
a sensitivity analyses would be required.

2.3.5 Step5

The remained clouds are processed by a fifth step, named “seasonal filter”, which outlines a
yearly macro-cycle composed by a land and a snow (or accumulation) season. It was developed
in similarity to the last step of (Gafurov and Bardossy|(2009). It works at the pixel-scale individ-
uating a land season and a snow season per pixel. Each cloud cell is then classified as snow or
land in accordance with the calendar day. Several features of the location (e.g. the exposure to
solar radiation and the land use) intervene in the snowmelt process; for these reasons, a pattern
designed specifically for each cell can be an advantage in detecting the individual behaviors.
The first target is the right definition and identification of an accumulation season and a land-
season per pixel. As accumulation season we define a time period when a pixel is expected to be
snow covered (generally enclosed within winter and spring). Even though land observations are
possible meanwhile, it is assumed that in the accumulation months the pixel is likely covered
by snow when still masked by clouds after step 4. On the other side, once individuated the “land
season”, each cloud observation not processed by the previous steps will be changed to land.
The snow-start and land-start flags are individuated basing on an improved approach described
hereafter. It uses maps released by step 1, since we prefer that these two time frames come
from snow cover actually observed from one satellite or the other. The criterion is described
hereafter:

— Given a pixel, its accumulation-start flag is individuated as the first day when snow is
observed, providing that it is followed over time by other ng snow observations not in-
terrupted by land. This implies that the accumulation season starts at the first snowfall,
but only if the pixel is still snow covered or hidden by clouds in the next days, until the
n + 1 snow observation is met. The aim is that of avoiding false identifications of the
accumulation-start flag due to occasional snowfalls that may occur, even at low altitudes.
The threshold number of snow days ny is set depending on elevation, using three elevation
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bands, with a mean value of ngy =2 for the transition elevations. Such threshold decreases
with altitude, since at lower elevations it is likely that the first snow detection is due to a
an occasional event, while in the higher areas one or two snow observations uninterrupted
by land seem an appropriate signal of the beginning of the winter (a complete view of the
thresholds is provided in Tab. [2).

— The same rule is adopted for individuating the land-season start flags, in spring or summer
(Fig. [2). Here, the threshold value n is set increasing with elevation. This measure pre-
vents situations in which exceptional absence of snow in the uplands (e.g. due to anoma-
lous high temperatures) are taken as indicators of the absolute end of the snow period.

The choice of involving more days after the first land/snow observation protects even from
possible misclassification of MODIS algorithms, which may confuse some types of cloud with
snow also where and when snow is not expected. In particular, the classification of some cirrus
clouds as snow is a well know issue (Parajka et al., 2006). We specify that a snow accumulation
period is defined only for those areas lying at altitude higher than zpr = 600 m a.s.l.: the threshold
altitude has been chosen considered some studies on snow duration in the Alps (Beniston, 1997
Valt and Cianfarral, 2010). As consequence, pixels not already classified and located lower than
zr are converted to land regardless of the period year. At low elevations long-lasting snow covers
are infrequent, while several short cycles of accumulation-melt may occur. In these situations
snow depths remain relatively thin, thus our choice may lead to a slight underestimation of the
snow amount which would not justify the delineation of each brief snow cycle.

At high elevations, snow cover develops according to a year cycle composed of two macro-
periods, evolving from the accumulation to the melt season. However, the life of snow cover is
highly affected by altitude, which provides an indication of the persistence of low temperatures.
Italian Alps are mostly distributed on transition altitudes, where several land/snow micro-cycles
happen, characterized by snow durations from few days to several months. Even with the new
expedient, the separation of the year into two seasons per pixel may lead to rough errors of snow
overestimation at the beginning of the winter season and underestimation after first (but maybe
not last) melting completes. That is why step 5 is preceded by a temporal filter in step 4.
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The added value of considering more snow/land observations will be presented in the results.
Step 5 will be validated individually, considering this novel setup in comparison with the simple
"first observation" approach (Gafurov and Bardossyl, 2009).

2.4 Validation methodology

We check the accuracy of the procedure improving the methodology proposed by (Gafurov and
Bardossy| (2009)), and used even in |Paudel and Andersen| (2011)). Some cloud-free days, hence-
forth considered as “truths”, are selected and covered by wide cloud masks. Such cloud cover is
borrowed from dates when both Terra and Aqua products experiment overcast conditions. The
use of observed layouts of cloud cover ensures that artificial Aqua and Terra images assigned
to the procedure correspond to configurations that may occur. In order to avoid the possible
no-likelihood of artificially-masked maps to time series of clouds that can occur (e.g. several
days of continuous cloud cover) testing days were chosen within time frames of cloudy days
alternated with clear-sky days. Then, the procedure is applied to the maps, in order to reclassify
the additional clouds. Finally, the removed-cloud product is compared with the clear-sky Terra
map.

In this stage we are not interested in the reliability of the source MODIS products, which is a
widely studied issue (Hall and Riggs| |2007). Hence, this validation strategy presents some ad-
vantages respect to the commonly used evaluation based on in-situ data. For instance, one of the
major discussed issue is whether a point value can be considered representative of snow cover-
age within a 500 m - cell (Wang et al., 2009). Consequently, appropriate snow depth thresholds
for in-situ data must be chosen. Snow depth of 4 cm (Wang et al., [2009), 1 cm (Maurer et al.,
2003) and 2.54 cm (Simic et al., 2004} Tekeli et al.,[2005)) were used in literature. This influences
the results of the validation (e.g.Parajka and Bloschl|(2008));|Gao et al.| (2010)). Furthermore, a
validation carried out through snow-depth values is highly influenced by the number of stations
available (and their altitudinal distribution), as well as by the temporal continuity and reliability
of data. In Italy, few stations exists for altitudes over 2500 m a.s.l. where snow stands until
the late spring and summer. On the contrary, masking clear-sky images with wide clouds the
number of pixels over which the test is performed is certainly higher.
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2.4.1 1-day additional cloud mask

Once chosen the cloudy day, clouds from Aqua are overlapped to the clear-sky Aqua maps and
the same is done for Terra.

Given a clear-sky image at day d, fictitious cloud cover introduces an additional number of
cloud pixels, AN, within the domain, whose percentage is

AN,
Ag = <.
Ntot

(6)

AN, is calculated as the number of cloud pixels in the masked image that were cloud free in
the source map. With Ag a and Aqr we will refer respectively to the additional cloud cover on
Aqua and Terra images. N represents the total number of cells included in the basin. Thus the
percentage of cloud cover in the masked Terra map is

NC,T + ANC,T

Car =
Ntot

(7
where Nt is the number of cloud pixels in the clear-sky Terra product at day d. Likewise,
Cq  indicates the percentage of cloud cover for Aqua images after the introduction of fictitious
clouds. The gap-filling procedure reclassifies AN, either to snow or land. The comparison
against the original Terra products determines three possible situations: overestimation errors
(land to snow L — S), underestimation errors (S — L) and agreements (snow to snow S — S or
land to land L — L). Let a and b be the numbers of overestimations and underestimations, ¢ and
d the numbers of pixel correctly reclassified as snow or land. The overall degree of agreement
Dy 1s (Paudel and Andersen, 2011)):

(c+d)
Dy =100 - . 8
A ANt ®)
The degree of disagreement is:
(a + )
Dp = 100 - .
b =100 ANos ©)
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The latter is due to overestimations
a

Op = 100 - 10
b ANor (10)
and underestimations
b
Up = 100 - . 11
D ANor (11)

The overall accuracy is achieved by an average on the different performances, ¢, weighed on the
percentage of pixels under examination per testing day.

> [Dai - Awm,]

Dp) = - (12)
(Da) ZA(d,T)i
The variance, o2, is calculated as

1
2= — N Ay, - [Dasi — (DA, 13
o ZA(d,T)izi: @1); * [Dai = (Da)] (13)

2.4.2 Multi-day additional cloud mask

Here, we test the procedure to deal with worst-case scenario proposing a novel validation strat-
egy. The concept is to simulate atmospheric disturbances which affect several days. Some
groups of continuous days characterized by very low percentages of cloud obstruction are
chosen within the period 2003-2012. In parallel, atmospheric disturbances covering the same
amount of days are extracted from other Aqua and Terra imagery and overlapped. This gener-
ates a spatio-temporal additional mask borrowed from the same season of another year. Conse-
quently, the gap-filling procedure loses several days of data, exactly when more information on
snow cover are available. At the same time the likelihood of artificial images to natural dynamic
conditions is ensured. The degree of accuracy is quantified per validation day as done for the
1-day masks.
17
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3 Case study: Po river basin

Po is the major Italian river and one of the most important fluvial system in Europe from an eco-
nomic point of view. It flows more than 650 km eastward across northern Italy, from a spring
seeping at Pian del Re, Piemonte, through a wide delta into the Adriatic sea between Venice
and Ravenna. Its drainage area covers approximately 74 - 103 square kilometers, of which about
71-103 located in Italian territory, a quarter of the national territory. The remaining area is
located for the most part in Switzerland (Toce river basin) and for a smaller part in France.
Considering the level of utilization of water resources for agricultural and industrial purposes,
the Po basin is a focal point of the Italian national economy.

Through its tributaries, the river drains mountain regions that reach altitudes above
4700 ma.s.l. in the Aosta valley (Fig. [3p). The hypsographic curve for Po river basin is given in
Fig.[3p, where the x axis represents the surface areas (or relative surface area) which lies above
and below a marked elevation while the y axis represents the elevations above the sea level.
Such curve has been obtained from a DEM with 500 m spatial resolution. Figure [3p shows that
more than 30 % of the area lies above 1000 m a.s.l., where snow dynamics are expected to have
an important effect on the hydrologic cycle. The spatial and temporal evolution of the snow
cover over the basin is thus one of the core issue for characterizing the hydrologic regime of the
river, as well as for assessing its susceptibility to changing climate conditions.

After the pre-processing of the dataset (Section [2.1)), clear-sky days provide an indicative value
of the fluctuation of the snow covered area throughout the year. For instance on 1 January 2005
snow is about 30 % of the clear-sky pixels, while this percentage decreases to 5 % at the begin-
ning of May (average elevation of the snow-covered pixels of 2640 m a.s.1.) and less than 0.5 %
at the end of June, when the mean altitude of the snow covered cells exceeds 3260 m a.s.l. An-
alyzing the most clear days without snowfalls in the lowlands of the 2004/2005 and 2005/2006
winter months, values between 20 and 30 % seem a representative range for the long-lasting
snow covered fraction of the basin. Notice that the area-elevation curve of Po Valley had shown
that about 30 % of the area lies above 1000 m a.s.l. and 20 % above 1500 m a.s.l. To emphasize
MODIS capability in monitoring the annual fluctuations of snow cover extents, figure 4pa shows
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a comparison between snow observed by the Aqua MODIS on 28 June 2005 and a digital map
of Lombardy’s glaciers. The latter is the result of processing and comparison of areal data taken
from orthophotos (1999-2007), and from glaciological registers (more information available at
https://www.dati.lombardia.it/Territorio/Ghiacciai-e-Nevai/ximi-y8y4). Given that at the end of
June snow cover extension has not yet achieved its annual minimum size, it is seen how the
cores of the glaciers are contained in boundaries identified as snow by MODIS. A similar view
is proposed in Fig. [dp. Here, we generated polygon-shaped glaciers from Aqua and Terra snow
maps of 18 July 2012. Such areas are then overlapped to ortophotos taken about a month later.

4 Results

Here, we firstly provide some considerations about cloud obstruction and its negative effects
on snow mapping in Alpine areas. Then, we show the results of the cloud removal methodol-
ogy applied to the case study. Finally, the performance of the procedure is assessed in term of
efficacy and accuracy.

4.1 Cloud obstruction over Po river basin

The variable Cy ranges from O to 1 over the year, depending on the weather. The histogram
of its absolute frequency (0-366 days) is plotted in Fig.[5] for 2004. The distribution descends
from the relationship between the spatial scale of atmospheric disturbances and the size of the
basin. As it can be seen, the most frequent values are those wherein the domain is covered by
cloud for more than 90 % or for less than 20 %. The mode of the distribution can be estimated
around 95 %. The peak is even more evident analyzing Aqua images. The same happens for all
the other years: it follows that in cloudy whether usually the Po Valley lies entirely beneath
clouds, without information for snow mapping from MODIS. This is an interesting result since
spatial-filters such as step 3 estimate snow presence on the basis of data available in the same
daily map. Thus, the distribution of Cy4 suggests the introduction of some previous steps before
the assessment of snow cover distribution over elevations.
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Processing MOD10A1 and MYD10A1 products of ten years (2003-2012) we got that the
mean annual cloud-covered part of the basin corresponds to a percentage between 44 and
56 % for the Terra MODIS and between 46 and 59 % for the Aqua MODIS. These values are
slightly lower than those found by |Parajka et al| (2006) for Austria. The higher percentages
found in the Aqua images depend on the fact that Aqua crosses northern Italy few hours later
than Terra, in the afternoon, when cloud cover usually increases. In both cases these rates
exceed 60 % analyzing only the Alpine regions located at elevations higher than 1000 or
2000ma.s.l. (Table [3); such result is certainly related to the hours of the day when these
satellites overpass the region (between the late morning and the afternoon). This confirms the
evidence that in afternoon clouds usually insist especially over mountain areas. The effect is
partially related to cumulonimbuses, forming from water vapor carried by upward air currents,
whose rising is hampered by orography. At the same time air circulation in the valleys may
contribute in cleaning low altitudes from clouds. The influence of topography is particularly
evident in Fig. [6} here, we plotted the number of cloudy days per pixel recorded by Terra
MODIS. It is possible to notice how cloud pixels show pattens related with elevations (see
Fig. [3p for the DEM). Similar patterns occur even in the other years, but they are not reported
here for brevity.

From Table [3] the values of average annual cloud cover over different thresholds confirm that
the probability of being masked by clouds increases with altitude. Since uplands are also those
where snow is expected in winter and spring, the problem of cloud cover has a significant (and
adverse) impact on the number of days in which the presence of snow can be detected.
Average values of cloud cover can be calculated per quarter (or per month), in order to point
out whether a seasonal trend exists (Tables [} [5). While considering the entire domain JAS
(January-August-September) is characterized by largely lower values of cloud obstruction,
the same trend does not apply for the part which lies above 1500 m a.s.l.. On the contrary, the
mountain zone presents similar cloud cover percentages in the first, third and fourth quarters,
but higher values are found in all springs.
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4.2 Performance of the cloud removal procedure

The performance of the procedure is assessed here. Firstly, it is investigated the efficacy of each
step, which is its contribution in gap-filling over the cloud masks. Then, we focus on accuracy
of the steps and of their application in series.

4.2.1 Efficiency

Ten years of MODIS data have been @essed (2003-2012). Table[6| summarizes the mean an-
nual percentage of cloud cover C, remaining after each step, proceeding from the source Aqua
and Terra products to the final gap-filled map.

The first step combines two “observed” daily maps (Aqua and Terra snow cover tiles): hence
column “Step 17 represents the average annual fractions over which snow presence has been
estimated using information from close days or cloud-free areas. This value is usually lower
than 0.4, thanks to the well known efficacy of combining Aqua and Terra data (Parajka and
Bloschl, [2008;; |Gafurov and Bardossy,2009)). Step 2 is still based on recorded images, but maps
are those of neighboring days. This step, introduced by |Gafurov and Bardossy| (2009), proves
to be very effective, since after its intervention the remaining mean cloud cover generally de-
creases to less than 30 %. Step 3 involves the regional snow and land lines, and results in an
average decrease of the cloud mask between 3 to 5 %. This could seem a weak contribution;
however, it should be considered that step 3 is involved only in days when clouds hide less than
50 % of the basin. Such condition is met on slightly more than half days per year; as conse-
quence, its contribution on these dates is largely higher than it may seem looking at the average
annual values. Moreover, the snow line is not used from June to September. On monthly aver-
age, it is clear that the intervention of step 3 is not negligible in winter (Fig. [7).

The regional snow and land lines are shown in Fig. [§] for 2003 (Fig. [8) and 2008 (Fig. [8b),
during the period January—May. Here, there are reported also the daily altitudes of the high-
est land pixel and of the lowest snow pixel in order to appreciate the difference with a second
approach for delineating snow and land lines (Gafurov and Bardossyl, 2009; |Paudel and Ander-
sen,, 2011). It appears that the effectiveness of this step highly increases while assessing such
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altitudes through average elevations: mean regional elevations of snow are everyday lower than
the altitude above which all pixels are snow. The same applies for land areas, whose average
elevation is ordinarily higher than the lowest snow. In Fig.[§] the rising of snow average altitude
is related to melting, while lowerings are caused by snowfalls over low elevations that bring
down the mean values. Figure [§p allows to point out the faster variability of the snow line in
spring, when snow processes are faster but occasional snowfalls even occur. On the other side,
the fluctuations of the maximum land elevation are always wider, especially in winter: this is
due to the fact that such estimate can be highly influenced by anomalous local conditions, or
misclassification errors from the source MODIS product. The trend of the minimum snow ele-
vation shows that throughout most of the winter Aqua and Terra maps contain at least one snow
cell around the see level. This could be a result of specific local conditions occurring somewhere
within the wide domain, as well as classification errors by MODIS Snomap (Hall et al., 2001).
Since in step 3 we consider four aspect classes while maintaining the regional scale of computa-
tion, we have investigated if the “signal” of aspect exists even at the regional scale, where other
meteorologic or morphologic variables may have the upper hand. In Fig. [0 we report two pic-
tures showing the altitudes of the regional snow/land lines fram January to the end of May (years
2005 and 2009). Lines are drawn per aspect classes (N aspect > 315° & aspect < 45°.
South: 135° < aspect < 225°). Daily average altitudes are computed only for days with less
than 50% cloud cover using output maps by step 2. It is seen that the impact of exposure exists
even at the regional scale. Even though meteorologic variables may locally affect snow distribu-
tion on elevations, snow lines of south class stand consistently above that of north class. Except
for days with extensive snowfalls within the basin (which lower the snow lines uniformly) snow
line altitudes increase during the melting season and the south class maintains higher values
for all the study period (2003-2012). Elevation differences can be quantified in the order of
200-250 m as average value from January to May. As expected, such differences are less pro-
nounced for the land line, which is mainly dominated by the great number of pixels that stand
at low altitudes covering the Po Valley. Overall, this demonstrates that a regional snow line ap-
proach which considers exposure improves the representation of topographic effects on snow
distribution. Since aspect values can be derived directly from the DEM, our solution in step 3
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introduces an improvement without any requirement of additional information. It seems defi-
nitely justified, given the procedure may just take an advantage from such discretization of the
domain.

While the first 3 steps proceed in series (i.e. the output map of each is the input of the follow-
ing), step 4 uses the most recent observation for each pixel (produced by step 1), as long as it
falls within the previous week. Such operator is the busiest and reduces the mean annual values
of cloud coverage to 2—4 %. Step 5 completes the cloud removal. Considered the average an-
nual cloud cover filtered by the last step (2—4 %), it seems to entail a little effect; conversely its
involvement is crucial, since it takes care of all those situations when cloud cover insists over
the same area for several continuous days. On some dates the percentage of clouds remaining
after step 4 are even higher than 10 %.

To highlight whether there are monthly differences in the effectiveness of each step, Table
contains average cloud cover fractions C',, per month remaining step by step. The values refer
to 2010. Figure [/|shows the same results plotted for 2007 (a) and 2009 (b). The vertical distance
between points of different steps represents the average values of cloud cover removed by the
middle passages (e.g. the distance between a point on line “step 3” and a point on line “step 2”
is the mean monthly contribution of step 3; the distance between a point on line “step 1” and a
point on line “step 4” is the mean monthly contribution of steps 2 and 3). Line “step 4” is the
mean percentage of cloud cover treated by step 5. Heavy seasonal patterns are difficult to note;
nevertheless two remarks seem appropriate. First, we note an expansion of the band between
line “step 3” and line “step 2” during the winter. Such contribution represents the intervention
of step 3; the enlargement stems from the fact that the regional snow line in winter is located
al lower elevations and so enhances the number of cloud pixels lying over (then classified as
snow). On the contrary, the annual fluctuation of the regional land line is moderate, ruled by
the wide plain area which experiments only occasional snow covers (Fig. [8). Accordingly, the
transition elevations between the regional lines, where step 3 does not act, restricts in winter.

A second consideration refers to the behavior of step 5 (distance between line “step 4 and the
T axis): its average monthly contribution can exceed the 10 % in periods characterized by very
high cloud cover rates. The explanation lies in the fact that high monthly percentages normally
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entail several continuous days of widespread cloud cover, which reduce the probability of find-
ing data in the previous week. A similar situation appeared for Austria in [Parajka and Bloschl
(2008)), using 5 and 7-day temporal filters in the period 2003—2005. Thank to this result, the
importance of a step able to close the procedure is more clear.

Figure[I0]shows the result of the procedure run on 27 March 2003. Here, step 4 basically closes
the procedure, thus the final product by step 5 is not shown. It is possible to appreciate changes
in cloud distribution on the crossing times of Aqua and Terra: in this case Aqua map does not
provide additional data. Step 3 contributes in cleaning the very high and very low elevations,
thanks to the regional lines, without affecting the transition band. The removed-cloud map by
step 4 sheds light on snow distribution and its dependence on topography at the beginning of
the spring. A second example is provided in Fig.[IT| with reference to 22 January 2012.

4.2.2 Accuracy: 1-day additional cloud mask

The validation sample is composed of 25 days selected over the period 2003—2012. Results are
shown in Table [§] The last two columns contains the performances of a basic 7-day backward
temporal filter. The comparison is described in Section

Overall, our improved approach shows a good level of accuracy in all seasons. For most of the
tests the degree of agreement D reaches 96 %. A slight tendency to overestimate snow covers
is evident; in spring, when melting rapidly reduces the snow-covered areas, the temporal filter
in step 4 was expected to entail this effect. However, overestimations occur also in autumn and
winter. The maximum degree of disagreement (10 %) is obtained on 12 December 2012, after
the application of a large cloud mask from 4 February 2012. Days before such date were charac-
terized by a wide snowfall in the lowland, entailing a later fast evolution of ground conditions.
Considering the area above 200 ma.s.l., we get Da =95 % for the same testing day. A clear
underestimation affects the accuracy of the procedure on 9 October 2011. Looking at the source
maps, this day appears as the first one with a well developed snow cover on the entire mountain
region, shrinking back in next observations. The underestimation is mainly due to step 4, which
finds lack of snow in the previous period. In general, autumn is characterized by snow areas
under development and any type of filter looking backward may underestimate snow. Tables [J]
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and [T0] report the performances for each step of the procedure, relatively to 3 March 2012 and
10 December 2004. The same analysis was carried out for the whole sample.

Step 1 shows an high level of accuracy when outputs maps are compared to the original Terra
products. We highly limited its intervention by masking the source maps of both satellites: such
measure was necessary to involve even the other steps in the test. In general, more than 97 %
of the cells classified by step 1 were correctly assigned to snow or land. Misclassifications may
come either from changed ground conditions on the Aqua overpassing times or from Aqua
snow-mapping algorithm which uses MODIS band 7 instead of band 6 (Riggs et al., 2006). An
example of poor performance for step 1 is shown in Table [I0p for 10 December 2004. It was
a cloudless day when snow cover had a wide distribution on the Alps. Terra provided a clear
map with snow only on mountain reliefs. Aqua overpassed the region about two hours later and
its binary product shows snow in the western plain. Step 1 uses the latter to reclassify some
additional clouds, contrasting with the source Terra product.

As already found in|Gafurov and Bardossy| (2009), step 2 has an high degree of accuracy. Even
if it involves information from close days, the efficiency is ensured by the requirement of sta-
tionary ground conditions within the temporal window. We got a degree of agreement higher
than 97 % for 21 days of validation, considering only cloud pixels processed by step 2. Table[I1]
shows the performance of the combined use of step 1 and step 2 both in terms of efficiency and
accuracy. Here, there is reported even the performance of a simple 2-day backward temporal fil-
ter for purposes of comparison. Each filter processes only a fraction of the addition cloud pixels
AN, equalto Agr/Aqt, Where Agr < Aqgr. Its degree of agreement is then evaluated on such
processed cells. Values demonstrate that the conservative temporal filter (subscript +2days) is
less effective while saving a definitely higher level of accuracy. As expected, the basic 2-day
backward filter (subscript —2d) provides a greater contribution to cloud removal. However, the
absence of controls on what happens in days following a cloud observation decreases the accu-
racy, since in some cases ground condition is changed. The choice of adopting a method based
on a double control in step 2 ensures high-accuracy maps over which the following step can
compute the regional snow line.

The regional snow and land lines defined in step 3 have shown an high efficiency whenever this
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method is involved in classifying a significant number of pixels. These elevations seem repre-
sentative of the threshold altitudes above (below) which all cloud pixels are likely snow (land).
On average the percentage of cloud cover processed by this step is lower than that of step 2.
Nonetheless the degree of agreement provided for the majority of the days is comparable. On
dates when its operation involves more than 3 % of the additional clouds (10 cases), its degree
of accuracy never drops below 96 %. An example is 11 November 2009, where 21 % of the
additional mask is filled by step 3, and the individual value of D reaches 99.2 %. On 8 De-
cember 2011 its contribution affects 12 % of the artificial clouds with an accuracy of 98.8 %.
On 5 February 2004 it processes 14 % of the cover showing an individual D4 equal to 99.4 %.
Moreover we verified that the daily average altitude of snow areas is generally lower than the
elevation of the highest land pixel, thus allowing a wider action of the regional snow line ap-
proach.

Performances of steps 4 and 5 should be examined in days when previous steps leave out an
high percentage of cloud cover. As matter of the fact, the last steps are called to close the pro-
cedure solving all cases of doubt: critical situations are those where ground conditions change
quickly, or within the transition band where the snow line method does not intervene. There-
fore a lower accuracy was foreseen and must be accepted. On days when it processes wide
cloudy areas, the accuracy of the six days (backward) temporal filter is good. For example, on
31 March 2006 step 4 classifies by itself 89.5 % of the pixels artificially masked, providing a
degree of agreement of 96.3 %. On 27 November 2004 its contribution involves 72.9 % of the
additional cloudiness and classifies correctly the 94.6 % of them. A similar performance is pro-
vided on 17 May 2012 when its degree of agreement is about 97 % while removing 71 % of
AN, .

A relatively extensive operation by step 5 takes place on 10 December 2004 when it processes
about 10 % of the additional mask. Here, the degree of agreement reaches 95 %. Step 5 is in-
volved even on 21 April 2004 and on 27 September 2006, processing about 5 % of AN, 1 with
agreements of 95.0 and 99.8 %. This step has been validated even individually on a reduced
sample composed of six days from 2004 and four days from 2009. In the setup for the indi-
vidual assessment, it intervenes after step 1 removing the whole cloud mask. It provided an
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average degree of accuracy of 95.0 %, with a tendency to underrate snow cover in spring and
to overestimate in autumn. A second setup of step 5 was tested individually. Here, the first land
observation after February and the first autumnal snow cover split the year in land and snow
periods per pixel. This methodology, introduced by (Gafurov and Bardossy| (2009)), provides an
overall degree of accuracy of 90.3 %. We are driven to think that improvements we suggested for
individuating such macro-seasons perform properly. In particular, basing the start flag for snow
season on more snow observations, we protected the performance from wide overestimates in
the late autumn.

4.2.3 Accuracy: spatio-temporal additional cloud mask

Through this supplementary validation we studied the performance of the procedure when
applied to several subsequent days with significant cloud coverage. Four groups of clear-sky
days are chosen within the period November-May of years not yet involved in the validation
(2003, 2007, 2008 and 2010). Clouds mask are derived from Aqua and Terra imagery extracted
from the same seasons of other years.

Results are reported in Tab. The average degree of agreement D decreases from 95.7 % to
94.4 %. The tendency to overestimate snow cover is still evident and affects the whole sample.
In particular, a low degree of agreement is found between source and processed maps of 8§,
9 and 10 February 2008. The misclassification is due to the 6-day backward filter of step 4. In
fact, the previous week suffered a snowfall over mid and low altitudes. The filter uses such data
for gap-filling after the artificial masks are applied, while in the source imagery snow cover
disappears quickly in the lowlands. This outcome is confirmed even by Tab. [I3] where we
reported efficiency and accuracy following the series of step 1 and step 2. Here, Aq1/.24/Ad.T
represents the fraction of artificial cloud mask filled by step 1 and step 2 while Da 124 is the
percentage of pixels correctly classified with respect to the clear-sky Terra map. In the first four
days of validation for year 2008, step 2 is not very effective due to the invasive and continuous
additional masks introduced. Accordingly, step 3 is skipped given that cloud coverage does not
reduce to less than 50 % of the domain after the first steps. Most of the clouds are reclassified
by step 4.
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Focusing on the performances of the individual steps, Table [I3] outlines the low effectiveness
of the conservative temporal filter when cloud obstruction fills several continuous days. It
confirms even the good accuracy of the combined used of step 1 and step 2 in the processed
areas.

In the whole sample step 1 and step 2 reduce cloud coverage to less than 50 % of the domain
only on 24, 25 and 26 December 2003. Thus, the employment of step 3 is seen just here. The
percentages of additional cloud pixels removed by step 3 are 20.8 %, 16.0 % and 29.9 % respec-
tively. The related degrees of agreement are 96.0 %, 98.2 % and 99.1 %. Step 4 basically closes
the procedure in all the days and is responsible for most of the errors. In fact, the highest contri-
bution of step 5 is observed on 26 December 2003 and affects 3 % of the additional cloud pixels.

4.2.4 Comparison with other cloud removal procedures

We assessed the improvements produced by this procedure in comparison with other existing
procedure for cloud reduction.

First of all, we intend to realize whether the stepwise procedure ensures any advantage com-
pared to a mere backward temporal filter. We run the 7 -day filter on the same samples, applied
to the merged Aqua and Terra images (outputs by step 1). This filter was tested even in |Parajka
and Bloschl| (2008) for Austria. Two results have to be provided. The first one is related to the
percentages of cloud mask processed by each approach: while the new procedure, as in (Ga-
furov and Bardossy| (2009)), treats the entire mask, a filter limited to a preset time interval may
leave out some cloud cover. The filter processes a fraction of AN, t, equal to Ag74/Aq1, where
Ad7a < Agr. Its degree of agreement is then evaluated on such percentage. A second check
concerns the reliability. Approximately, differences in the degrees of agreement should reflect
the improvements due to steps 3 and 5, since even our procedure introduces temporal filters in
steps 2 and 4.

Using the first validation strategy, the comparison reveals that the stepwise procedure generates
a concrete improvement when efficiency and accuracy are assessed in parallel (Tab. [8)). Com-
pleting the classification, it processes even those pixels hidden by clouds for more than 7 days
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that are certainly the hardest. And yet, it does not entail a decrease in the accuracy. An actually
higher performance of the 7 -day filter emerges only on 23 May 2009, when its degree of accu-
racy D, 74 outweighs the other of 0.5 %. However, even in this case the 7 -day filter leaves 1.3 %
of the additional cloud mask. Conversely, on three validation days the accuracy of our proce-
dure exceeds that of the temporal filter of more than 1.5 %. The percentages of additional clouds
left out by the temporal filter are between 4 and 6 % for 5 days: focusing on our methodology,
steps 2 and 4 require information on the previous days, as well as the 7 days filter. In such cases
emerges the contributions of steps 3 and 5, allowing the classification of more pixels without
entailing higher disagreement. Overall, the value of (D4) of the proposed procedure is 95.7 %.
On the other side, the mere temporal filter provides an average degree of agreement of 95.2 %.
Moreover the variability in the accuracy of the performances is slightly lower in our procedure.
In the second assessment (Tab. [I2)) the improvement is lower due to the poor contributions of
step 2 and 3. In most of the days the accuracy of the new method, Da, reduces to that of the
basic 7-day backward filter. A slight gain emerges only on 24, 25 and 26 December 2003. Here,
the procedure exceeds the performance of the temporal filter both in terms of effectiveness and
accuracy by means of step 3 and 5.

We also compared the procedure respect to the one proposed by |Gafurov and Bardossy| (2009).
Steps 1 and 2 are equal in these two stepwise solutions. In |Gafurov and Bardossy| (2009) the
snow line and land line of step 3 are evaluated as the highest land pixel and the lowest snow
pixel, if the study area is at least 70 % cloud free. The temporal filter is not involved, while two
spatial filters compose steps 4 and 5, comparing each cloud cell with ground conditions of the
nearest cloud-free pixels (for a complete description see Gafurov and Bardossy, 2009). The pro-
cedure is then completed with a “macro-cycle” approach working individually for each spatial
unit, similar to our step 5. Differences lie in the way snow and land periods are evaluated. In
Gafurov and Bardossy| (2009)), the winter season coincides with the time window following the
first snow observation, while land periods starts at the first land observation in spring. On the
contrary, our step 5 checks ground conditions on more days before identifying the snow-land
cycles. Using the methodology by Gafurov and Bardossy| (2009), we got an overall (Dy) of
91.8% (0=7.2%) and (Dp) of 91.6 % (o =4.8 %) for the first and second validation strategy
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respectively. In most cases the two solutions provide similar results; however, the combination
of steps 4 and 5 in our procedure ensures much higher performances in closing the removal. The
identification of the “snow period” through the first observation, in autumn or winter, produces
excessive overestimates for this case study. Micro-cycles are very common before winter, and
the fluctuations of the area covered by snow can be very wide in a short time window. Moreover
we found a very low effectiveness of spatial filters which work at the pixel-scale, leading to
slight contributions all over the seasons.

5 Conclusions

In this work we investigated the use of MODIS products for snow mapping over Po river basin.
The large-scale analysis, required when one deals with the major European rivers, often sug-
gests the use of imagery from remote sensing. Daily snow cover maps for the whole domain
require the adoption of a cloud removal procedure able to estimate ground condition beneath
clouds, in order to preserve the temporal resolution of the data.

The first question we would answer is: how much does cloud obstruction affect MODIS daily
snow products? Looking at our study region, this influence seems certainly more disturbing
than what we expected. The average annual values of cloud cover are slightly lower than those
found in Austria (Parajka and Bloschl,2008). However, seasonal trends show that in the Alpine
space this disturbance increases during the melting season. Focusing on spring, for most of the
years (from 2003 to 2012) average values of cloud cover overcome the 70 % of the region which
lies above 1000 m a.s.l. Spring is the most interesting period for hydrologic studies since snow
dynamics are faster and daily observations allow to follow gradually the patterns of melting,
determining the contribution to streamflows. For this season, our analysis brings into question
the real possibility of benefitting of maps with temporal resolution in the order of one day.
Causes must be sought in the times of overpassing of the two satellites, that lie between the late
morning and the afternoon. Further investigation may be directed to a thorough identification of
factors that determine seasonal and spatial patterns of cloud obstruction in MODIS snow maps.
Results obtained from the analysis of cloud obstruction justify the use of a cloud removal pro-
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cedure. Several approaches have been proposed to reduce negative impacts of clouds on snow
mapping with high temporal resolution. After some first attempts we noticed that methods al-
ready applied to other regions introduce assumptions that did not fit well for the climatic and
topographic features of the Alps (Gafurov and Bardossyl 2009} |Gao et al., [2010; |Paudel and
Andersen, 2011). Northern Italy is mainly characterized by a range of elevations where snow
undergoes several short cycles of accumulation and melting, thereby complicating any estima-
tion of what happens under clouds. Thus, we tried to combine and improve steps from previous
studies, in order to maximize the performance of the procedure in the considered case study.
Our procedure requires only MODIS binary snow maps and a DEM of the domain, without ad-
ditional data from other satellites nor information on land uses. It entails a computational effort
slightly higher than a simple temporal filter, while completing the gap-filling even when clouds
hide the ground for extended time windows. We proposed two validation strategies (1-day and
multi-day) for evaluating the reliability of the methods. Both are based on the introduction of
fictitious clouds on clear-sky images before running the code (Gafurov and Bardossyl, 2009).
The cloud removal procedure ensured an average degree of accuracy of 95.7 % and 94.4 % re-
spectively. A slight tendency to overestimate snow areas was detected. The performance of the
procedure was compared to that of a basic 7-day backward temporal filter in terms of efficiency
and accuracy. Improvements in the accuracy are mainly due to the regional snow/land line step
(Parajka et al., 2010). In this step we introduced the calculation of snow and land line altitudes
per aspect classes, demonstrating that the signal of exposure exists even at the regional scale.
When snow covers are well developed (mainly winter and spring), such method plays a leading
role. The efficacy of the novel procedure increases by means of step 5, which can classified
pixels regardless of the amount of data existing in the nearest days.

We also want to highlight the good results provided by a simple temporal filter limited to 7 days,
which uses the latest information available for each cell (overall accuracy of 95.2 % and 94.2 %).
Here, the greatest benefit is the simplicity. The limitation is that any restricted temporal filter
leaves out a percentage of cloud cover which can be significant in the Alps, where clouds may
cover the same area for several continuous days.

Approaches directed to the individuation of a typical condition for each cell on the basis of the
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period of the year (Gafurov and Bardossy, [2009; Paudel and Andersen, [2011)) seem less suited
to this environment. The identification of the first snow observation as the starting time of a win-
dow when a certain location is expected to be snow covered leads to excessive overestimates.
We have got to verify that short-term snow covers are common over the transition altitudes,
both in autumn and spring.

The final cloud-free maps provided by our procedure appear to be a reliable starting point from
which it will be possible to derive information on snow resource for Po basin. The integration
with snow depth measurements and snow density estimations will provide assessments on SWE
amounts and fluctuations all over the last ten year. Moreover, a daily binary information on snow
presence represents by itself a useful tool for many applications at regional scale. For example,
snow duration and snow extent can be directly derived and associated with the inter-annual
variations of Alpine temperatures and precipitation for studying snow cover climatology.

The Supplement related to this article is available online at
doi:10.5194/hessd-0-1-2014-supplement,
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Table 1. Intervention rules for step 2. Cloud pixels to be reclassified are those at day d. Table displays
only those combinations of observations between d — 2 and d + 2 that admit the intervention of step 2.

In all the other possible cases this conservative filter is skipped.

d—2 d-1 d d+1 d+2
C/S/L L C—L L C/S/L
L C C—-L L C/S/L
C/S/L L C—-L C L
C/S/L S C—S S C/S/L
S C C—S S C/S/L
C/S/L S C—S C S
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Table 2. Thresholds of the number of snow (land) observations (following the first one) required for 5
identifying the beginning of the snow (land) season in step 5. The threshold is set per altitude ranges. i
Altitude range [m a.s.l.] ns ng —

0-600 o 0 o)

600-1500 3 1 %

1500-2400 2 2 2

> 2400 1 3 <)

=
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Table 3. C, (Z > z71): mean annual cloud cover fraction for different altitude thresholds over Po river

basin.

zr=0ma.s.l.

zr=1000ma.s.l.

zr=2000ma.s.l.

Year Aqua Terra Aqua Terra Aqua Terra
2003 047 046 0.57 0.51 0.58 0.52
2004 0.57 0.54 0.66 0.60 0.66 0.59
2005 0.52  0.50 0.61 0.52 0.63 0.54
2006 0.52 049 0.60 0.54 0.61 0.54
2007 048 046 0.58 0.53 0.62 0.54
2008 0.56  0.53 0.66 0.59 0.66 0.58
2009 0.54 0.50 0.62 0.55 0.63 0.56
2010 0.59  0.56 0.67 0.60 0.67 0.60
2011 046 044 0.57 0.51 0.59 0.52
2012 0.52 049 0.63 0.56 0.65 0.57
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Table 4. Mean cloud cover fraction over Po river basin averaged per quarter from MOD10A1.

Year JFM AMJ JAS OND
2003  0.44 046 031 0.62
2004  0.63 0.52  0.39 0.63
2005 048 047 045 0.59
2006  0.54 0.56  0.38 0.49
2007  0.58 048  0.32 0.47
2008  0.52 0.60 0.38 0.62
2009  0.55 052 034 0.62
2010  0.68 0.55 0.36 0.64
2011 0.56 043 031 0.47
2012 0.44 0.56  0.36 0.60
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Table 5. Mean cloud cover fraction over Po river basin averaged per quarter from MODI10AL,

Z >1500ma.s.l.

Year JFM AMJ JAS OND
2003 047 0.64 0.41 0.59
2004  0.60 0.68 0.52 0.61
2005  0.50 0.61 0.55 0.51
2006 0.54 0.68 0.52 0.45
2007 0.61 0.66 0.44 0.46
2008  0.51 0.77 0.50 0.60
2009 0.54 0.67 0.46 0.57
2010 0.64 0.72 0.47 0.62
2011  0.54 0.64 0.45 0.46
2012 0.50 0.71 0.48 0.59
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Table 6. Mean annual cloud cover fraction remaining after each step for Po river basin.

Year Aqua Terra Stepl Step2 Step3 Step4
2003 0470 0460 0374 0.207 0.174 0.016
2004 0.570 0.540 0455 0308 0.282 0.039
2005 0.520 0.500 0417 0270 0.225 0.015
2006 0.520 0.490 0403 0244 0.207 0.021
2007 0.480 0.460 0374 0231 0.192 0.018
2008 0.560 0.530 0.452 0308 0.273  0.047
2009 0.540 0.500 0.425 0.283 0.243 0.024
2010 0.590 0.560 0.478 0.332 0.282 0.038
2011 0.460 0.440 0363 0.233  0.197 0.025
2012 0.520 0.490 0407 0258 0.213 0.018
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Table 7. Average monthly cloud cover fraction remaining after each step for year 2010.

Month Aqua Terra Stepl Step2 Step3 Step4
Jan 0.755 0.703 0.582 0430 0311 0.057
Feb 0.751 0.691 0.622 0451 0370 0.024
Mar 0.675 0.643 0.582 0.447 0404 0.052
Apr 0.555 0.504 0441 0.228 0.183 0.013
May 0.654 0.662 0.569 0450 0427 0.149
Jun 0.517 0482 0393 0.251 0.220 0.051
Jul 0.286 0.232 0.151 0.033 0.031 0.002
Aug 0420 0390 0306 0.108 0.088 0.009
Sep 0.502 0445 0370 0.176  0.129  0.003
Oct 0.619 0.586 0.516 0.388 0.329 0.004
Nov 0.734 0.702 0.641 0.533 0461 0.027
Dec 0.656 0.642 0.576 0.500 0.442 0.063
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Table 8. Overall accuracy of the cloud removal methodology tested on several days and comparison with
a basic 7-day backward temporal filter. Values in [%].

Clear-sky days Cloudy days Aga Aar Da Op Up Agza/Aar Dam
5 Feb 2004 2 Feb 2004 75.1 959 932 55 1.3 994 92.1
19 Mar 2004 24 Mar 2004 789 715 957 22 2.1 100.0 95.6
21 Apr 2004 29 Apr2004 77.1 857 96.1 3.6 0.3 955 96.1

19 May 2004 22 May 2004 787 88.6 977 12 1.1 100.0 97.3
27 Nov 2004 20 Jul 2004 66.5 595 944 45 1.1 100.0 94.4
10 Dec 2004 16 Dec 2004 744 755 956 3.8 0.6 95.5 939
26 Apr 2005 21 0ct2005 90.2 93.0 967 26 0.7 96.6 97.0
20 Dec 2005 14 May 2005 52.0 782 952 3.1 1.7 100.0 94.4
13 Feb 2006 27 Mar2006 788 859 929 4.1 3.0 100.0 924
31 Mar 2006 19 Oct 2006 852 84.8 966 24 1.0 99.6 96.6
15 Jun 2006 3 Oct 2006 834 833 996 0.1 03 100.0 99.5
27 Sep 2006 21 Nov2006 875 881 973 22 0.5 99.2 972
1 Dec 2006 1 Apr 2006 927 912 965 28 0.7 963 96.3
1 May 2009 10 Mar 2009 80.0 793 973 2.1 0.6 952 96.3
15 Feb 2009 3 Feb 2009 842 908 957 26 1.7 99.8 95.6
23 May 2009 13 Nov2009 868 859 962 36 02 98.7 96.7
11 Nov 2009 29Nov2009 942 960 933 46 2.1 939 91.7
9 Feb 2011 20 Apr2011  80.7 84.1 959 3.0 1.1 100.0 94.7
2 Apr 2011 9 Dec 2011 90.2 955 968 30 02 98.6 97.1

8 Dec 2011 14 Oct 2011 383 577 964 25 1.1 99.9 96.1

9 Oct 2011 15Dec2011 693 957 935 18 4.7 100.0 929
3 Mar 2012 22Jan2012 637 841 973 21 0.6 100.0 97.3
17 May 2012 18 Nov2012 885 960 968 16 1.6 99.9 96.7
7 Nov 2012 22Dec2012 934 920 965 27 038 99.7 95.0
12 Dec 2012 4 Feb 2012 852 912 900 83 1.7 99.7 90.1

Weighted average 957 3.1 1.2 98.6 95.2
o 2.0 2.3
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Table 9. Cloud, land and snow percentages (Cq, L4, Sg) in two clear-sky maps on 3 March 2012 and
10 December 2004, and percentages after the application of the additional cloud cover (Ay).

Iode UOISSTOSI(]

(a) 3 March 2012

3 Mar 2012 Cd Ld Sd Ad
Source Aqua SCA  139% 77.7% 84% -]
Source Terra SCA 75% 829% 9.6% [—]
Masked Aqua SCA  77.6% 219% 05% 63.7%
Masked Terra SCA  91.6% 79% 05% 84.0%
(b) 10 December 2004
10 Dec 2004 Cd Ld Sd Ad
Source Aqua SCA 9.6% 672% 232% -]
Source Terra SCA 69% 769% 162% -]
Masked Aqua SCA 84.0% 113% 47% 744%
Masked Terra SCA  824% 129% 47% 755%
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Table 10. Results of the validation step by step on 3 March 2012 and 10 December 2004.

(a) 3 March 2012

3 Mar 2012 Disagreement Agreement Individual accuracy
Contribution S—L L—S S—S L—L Individual Dp  Individual Dy
Step 1 23.1% 00% 03% 02% 22.6% 1.3% 98.7 %
Step 2 27.0 % 0.1% 02% 25% 242% 1.0% 99.0 %
Step 3 6.4 % 00% 0.1% 09% 54% 1.1% 98.9 %
Step 4 43.5 % 05% 15% 6.5% 350% 4.5 % 96.5 %
Step 5 0.0 % 00% 0.0% 00% 0.0% 0.0% 0.0 %
Overall 100.0 % 06% 21% 10.1% 872% 2.7 % 97.3 %

(b) 10 December 2004

10 Dec 2004 Disagreement Agreement Individual accuracy
Contribution S—L L—S S—S L—L Individual Dp  Individual Dy
Step 1 7.0% 00% 08% 14% 4.8% 11.6 % 88.4 %
Step 2 72.4 % 04% 1.0% 10.8% 60.3% 2.0% 98.0 %
Step 3 6.2 % 00% 0.1% 1.0% 51% 21% 97.9 %
Step 4 4.6 % 01% 15% 1.2% 1.7 % 34.8% 65.2%
Step 5 9.8% 01% 04% 02% 9.1% 51% 94.9 %
Overall 100.0 % 0.6% 38% 14.6% 81.0% 4.5% 95.5 %
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Table 11. Efficiency and accuracy of the conservative filter of step 2 (subscript ££2d) compared to a basic
2-day backward temporal filter (subscript —2d). Both filters are applied to maps preprocessed by step 1.
Values in [%].

TodeJ UOISSNOSI(]

Clear—sky days ClOlldy days Ad,A Ad,T Ad,-Zd/Ad,T DA,-Zd Ad,+/-2d/Ad,T DA,+/-2d

5 Feb 2004 2 Feb 2004 75.1 959 62.5 95.6 56.8 97.8

19 Mar 2004 24 Mar 2004 789 71.5 99.3 96.0 23.5 98.5 o
21 Apr 2004 29 Apr2004 77.1 857 93.2 96.1 83.7 99.5 )
19 May 2004 22 May 2004 787 88.6 99.9 97.3 89.4 98.9 )
27 Nov 2004 20 Jul 2004 66.5 59.5 79.7 93.5 27.1 94.0 Z
10 Dec 2004 16 Dec 2004 744 755 81.8 94.6 79.4 97.2 é
26 Apr 2005 21 Oct2005 90.2 93.0 30.0 98.6 28.6 99.8 ;
20 Dec 2005 14 May 2005 519 782 97.1 94.7 83.8 97.4 i)
13 Feb 2006 27 Mar 2006  78.8 859 99.4 92.6 73.5 95.4 i
31 Mar 2006 19 Oct 2006 852 84.8 95.4 96.9 9.9 99.7

15 Jun 2006 3 Oct 2006 834 833 99.9 99.6 52.7 99.9 o
27 Sep 2006 21 Nov 2006 87.5 88.1 222 91.5 19.9 99.5 o
1 Dec 2006 1 Apr 2006 9277 912 93.1 96.4 329 96.0 7
1 May 2009 10 Mar 2009 80.0 79.3 925 96.2 87.9 99.2 »}
15 Feb 2009 3 Feb 2009 842 90.8 98.2 95.7 86.4 97.3 é
23 May 2009 13 Nov 2009 86.8 85.9 85.1 97.7 80.2 98.9 =
11 Nov 2009 29 Nov 2009 942 96.0 74.4 91.6 63.8 97.5 ;
9 Feb 2011 20 Apr2011  80.7 84.1 99.6 94.9 972 96.8 &
2 Apr 2011 9 Dec 2011 90.2 955 96.3 97.6 93.6 98.9 '
8 Dec 2011 14 Oct 2011 383 57.7 89.0 972 66.3 98.0 —
9 Oct 2011 15 Dec 2011 693 95.7 929 96.0 85.9 98.7

3 Mar 2012 22Jan 2012  63.7 84.1 99.9 97.3 50.2 98.8 ?
17 May 2012 18 Nov 2012 88.5 96.0 98.0 97.0 28.0 98.3 ;
7 Nov 2012 22 Dec2012 934 920 98.7 95.1 88.0 98.4 Z.
12 Dec 2012 4 Feb 2012 852 912 93.8 90.5 8.8 91.1 =
Weighted average 86.9 95.7 59.9 98.1 ;
o 2.1 1.33 g
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Table 12. Overall accuracy of the cloud removal methodology tested using spatio-temporal additional
cloud masks (Terra SCA of 24 December 2003 is replaced with Aqua SCA since data are not available).
Values are compared to the performances of a basic 7 days temporal filter. Values in [%].

TodeJ UOISSNOSI(]

Clear-sky days Cloudy days Aga Aar Da Op Up Agza/Asr Daza
24 Dec 2003 20 Nov 2008 69.3 66.6 93.5 2.7 3.8 97.9 93.1
25 Dec 2003 21 Nov2008 822 76.1 954 35 1.1 97.6 944
26 Dec 2003 22 Nov 2008 247 218 917 5.0 3.3 96.8 91.1
13 Mar 2007 9 Apr 2003 84.6 728 964 3.0 0.6 999 96.5
14 Mar 2007 10 Apr2003 95.1 984 974 21 05 999 974
15 Mar 2007 11 Apr2003 82.0 726 97.0 27 03 99.9 97.0
16 Mar 2007 12 Apr2003 88.1 943 972 20 038 999 972
7 Feb 2008 20Feb 2004 833 900 924 62 14 99.8 924
8 Feb 2008 21 Feb2004 936 96.5 90.5 8.7 0.8 99.3  90.5
9 Feb 2008 22 Feb2004 86.6 92.7 90.6 80 14 99.2  90.6
10 Feb 2008 23 Feb2004 91.7 951 905 8.6 0.9 99.2  90.5
11 Feb 2008 24 Feb2004 42.1 399 953 3.6 1.1 99.1 953
12 Feb 2008 25Feb2004 864 90.7 956 33 1.1 99.8 954
11 Dec 2010 13 Nov2005 832 852 951 3.6 1.3 99.9 948
12 Dec 2010 14 Nov2005 696 751 958 35 0.7 99.8 95.9
13 Dec 2010 15Nov2005 795 774 951 3.6 1.3 99.8 95.1

Weighted average 944 44 1.2 99.2 942
o 2.5 2.5

48

odeJ uorssnosyq | Jodeg uorssnosyq | Teded UoIsSSnosi(]



Table 13. Efficiency and accuracy of the combined use of step 1 and 2. The test is performed using
spatio-temporal additional cloud masks. Values in [%].

Clear-sky days Cloudy days  Aga Aar  Adawo2d/Aar  Dasioa
24 Dec 2003 20 Nov 2008 69.3 66.6 63.4 96.9
25 Dec 2003 21 Nov 2008 822 76.1 66.5 99.1
26 Dec 2003 22 Nov 2008 247 21.8 11.2 97.8
13 Mar 2007 9 Apr 2003 84.6 728 37.0 99.1
14 Mar 2007 10 Apr2003  95.1 984 31.2 99.0
15 Mar 2007 11 Apr2003  82.0 72.6 11.2 97.8
16 Mar 2007 12 Apr2003  88.1 943 32.8 98.3
7 Feb 2008 20 Feb 2004  88.3 90.0 4.9 97.5
8 Feb 2008 21 Feb 2004 93.6 96.5 4.6 97.2
9 Feb 2008 22 Feb 2004  86.6 92.7 3.1 96.1
10 Feb 2008 23 Feb 2004  91.7 95.1 6.4 97.3
11 Feb 2008 24 Feb 2004  42.1 399 14.0 96.2
12 Feb 2008 25Feb 2004  86.4 90.7 61.3 97.4
11 Dec 2010 13 Nov 2005 83.2 852 22.4 89.6
12 Dec 2010 14 Nov 2005 69.6 75.1 13.7 91.4
13 Dec 2010 15Nov2005 79.5 77.4 16.9 94.2
Weighted average 25.8 97.2
o 2.5
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STEP 1 "
COMBINATION OF AQUAITERRA DATA
STEP 2
CONSERVATIVE TEMPORAL FILTER

W
STEP 3 w
REGIONAL SNOVVILAND LINE L)
STEP 4
BACKWARD TEMPORAL FILTER ) 7 =Gl ;

STEP 5 / /
( SEASOMAL FILTER ) fmar

Figure 1. Flowchart of the cloud removal procedure representing the step order and the temporal window
considered in each stage.
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Figure 2. Criterion for identifying the start of the land season. The same rule is applied to the snow-start
flag, in autumn or winter. More land/snow observations are needed in spring/autumn to split the year into
two periods. The black line represents the series of observations for a reference pixel across the melting
season.
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Figure 3. (a) DEM of Italy at 500 m spatial resolution with the contour line of Po basin. (b) Hypsographic
curve of Po river basin derived from the DEM.
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Figure 4. (a) Comparison between the digital map of Lombardy’s glaciers (sketched in blue) and
the snow distribution (red) from MYDI10A1 at the end of June 2005 (source Regione Lombardia
https://www.dati.lombardia.it/Territorio/Ghiacciai-e- Nevai/ximi-y8y4). (b) Snow polygon derived from
MOD10A1 of 18 July 2012 overlapped on the orthophoto AGEA 2012 of Lombardia. The latter is a com-
posite image from air flights operated at the beginning of September 2012 (source Regione Lombardia
http://www.cartografia.regione.lombadia.it).
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Figure 5. Absolute frequency of the daily cloud percentage Cy from Terra MOD10A1: year 2004.
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Figure 6. Number of cloud observations per pixel from MOD10A1 SCA product (0 - 365 days): year

2008.
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Figure 7. C,, average monthly values of Cy remaining after the implementation of each step for year

2007 (a) and 2009 (b).
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Figure 8. Regional snow and land lines from January to May in comparison with the elevations of the
highest land pixel and the lowest snow pixel, year 2003 (a) and 2008 (b). Values are provided only when
output maps by step 2 are less than 50 % cloud covered.
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Figure 9. Regional snow and land lines from January to May computed per aspect classes (North:
aspect > 315° & aspect < 45°. South: 135° < aspect < 225°). Year 2005 (a) and 2009 (b). Values are
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provided only when output maps by step 2 are less than 50 % cloud covered.
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Aqua: 27 Mar 2003
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Figure 10. Cloud removal procedure applied to 27 March 2003. Aqua and Terra maps have a cloud
coverage of 98 and 83 %, respectively. Step 2 leaves out a cloud coverage of 29 %. The intervention of
step 3 affects 14 % of the domain and step 4 closes the gap-filling procedure.
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Aqua: 22 Jan 2012
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Figure 11. Cloud removal procedure applied to 22 January 2012. Aqua and Terra maps have a cloud
coverage of 77 and 91 %, respectively. The cloud removal is basically completed by step 4.
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