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Automatic Color Detection-Based Method Applied
to Sentinel-1 SAR Images for Snow Avalanche
Debris Monitoring

Anna Karas, Fatima Karbou, Sophie Giffard-Roisin, Philippe Durand, Nicolas Eckert

Abstract—In this study, we develop a novel method to auto-
matically detect areas of snow avalanche debris using a color
space segmentation technique applied to SAR image time series
through January 2018 in the Swiss Alps. Debris avalanche zones
are detected assuming that these areas are characterised by a
significant and localised increase in SAR signal relative to the
surrounding environment. We undertake a sensitivity study by
calculating debris products by varying the D-M reference images
(a stable reference image taken several weeks before the event).
We examine the results according to the direction of the orbit,
the characteristics of the terrain (slope, altitude, orientation) and
also by evaluating the relevance of the detection with the help of
an independent SPOT database ([1]) including 18,737 avalanche
events. Small avalanches are not detected by SAR images and
depending on the orientation of the terrain some avalanches are
not detected by either the ascending or the descending orbit. The
detection results vary with the reference image; best detection
results are obtained with some selected individual dates with
almost 70 % of verified avalanche events using the ascending
orbit.

Index Terms—Automatic detection, Color space, Random For-
est, SAR, Sentinel-1, Segmentation, Snow Avalanche

I. INTRODUCTION

NOW avalanches represent a serious hazard in the moun-

tains, with direct consequences on human lives and con-
siderable damage to the dwellings and infrastructure of the
communities concerned. Large-scale and regular avalanche
monitoring is essential for the needs of snowpack stability
evaluation and avalanche forecasting. Field monitoring of
snow avalanches is generally fairly sparse and limited in time
and space. This is particularly true for areas that are difficult
to access. It should also be noted that periods of high danger
level of avalanches are often associated with very bad weather
conditions, which further limits field observations.

By contrast, with satellite based remote sensing observa-
tions, it is becoming increasingly conceivable to carry out
reliable and regular monitoring of areas affected by snow
avalanche debris ([2]).

Optical images from both aircraft and satellites have been
used to map avalanche events with high and very high spatial
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resolution, but these images require generally cloud-free con-
ditions and can be used over some specific target territories
([3], [4], [5], among others). [5] presented an automatic
method of texture classification on very high resolution optical
imagery. A lot of studies are based on object-based image
analysis. [3] used object-based classification and combined
directional, textural and spectral information. [4] generated
avalanche maps with an object-oriented image interpretation
approach (segmentation and classification) within very high
resolution panchromatic optical imagery. [6] developed an au-
tomatic object-based approach to detect avalanches deposits on
near-infrared images. More recently, [1] performed a system-
atic avalanche mapping on one SPOT6 image over the entire
Swiss Alps. 18,737 avalanche events where mapped during the
extreme avalanche period of January 2018. The description of
the generation of this SPOT6 database is presented by [7]. [8]
confirmed the high potential of SPOT6-7 images in mapping
avalanche outlines by using ground truth validation points.
They studied two avalanche activity periods in 2018 and 2019,
in a 180 km?2 area around Davos, and found: a Probability
of Detection of 74 % (POD, events correctly detected by a
human on the satellite data) and a Positive Predictive Value
(percentage of identified events by manual detection that were
an avalanche event) of 88 %.

While the use of optical data is limited by cloud cover,
which should be as low as possible, usable data from radar
satellites are independent of illumination and weather condi-
tions ([9], [10]). Moreover, optical remote sensing imagery
can be expensive and only available on request for specific
areas, as is the case of optical SPOT6-7 ([8]). Sentinel-2 is
free of charge, but [8] found it not suitable for avalanche
mapping. The use of Synthetic Aperture Radar (SAR) is
increasingly used in avalanche detections to obtain a continuity
of observations. Sentinel-1 is publicly available while some
satellite data cannot provide systematic coverage but only
upon request for scientists such as TerraSAR-X. The first SAR
avalanche detections were undertaken by [10] using ERS-1
ans ERS-2 C-band SAR data. A change detection method was
used to identify high backscatter coefficient in multi-temporal
SAR images. The main idea behind the detection of debris by
SAR imagery is that snow avalanche debris exhibit a higher
localised radar backscatter compared to the surrounding snow
due to increased surface roughness and increased snow depth
at the avalanche site ([11], [9]). [10] used three images for
the RGB composite image, the multi-temporal combination of
SAR images: one image taken one month before the event (in



the R channel), during the avalanche activity period (in the G
channel) and one without snow (end of September, in the B
channel). Thus, the local backscatter increase can be seen in
green in a RGB composite image.

First studies on SAR avalanche detection often considered
one radar image acquired after the event or two images, one
before and one taken after the event as a difference image
([121, [9], [13], among others). We can also note that most of
the studies, that used change detection methods applied to a
series of SAR images, masked complex areas for the detection
(layover, forest, etc.) ([14], [15], [16]). With single backscatter
images, the detection was based on enhancement methods to
improve the backscatter contrast between avalanche deposits
and the surrounding snow ([12], [17], [9]). By using two
SAR images, the detection method was based on a backscatter
change between the reference image (taken few days before the
event) and the activity image (taken just after the event) ([13],
[9], [16]). Different SAR satellites were used. [13] showed
that TerraSAR-X could be a reliable tool to manually map
avalanches. [17] demonstrated that manual avalanche detection
can be undertaken using Radarsat2 measurements. [2] later
showed successful results using manual avalanche detection
on Sentinel-1 images. More recently, [16] compared field
recordings with manual detections and obtained a Probability
of Detection of 77.3 % using Sentinel-1 SAR imagery.

However, manual mapping is time-consuming which sup-
ports the development of automatic detection methods. [18]
tested an automatic detection method by combining a change
detection approach with a K-means classification method.
They have shown satisfactory detection rates when the method
was applied under typical operational monitoring circum-
stances. This method was also used by [15], based on a
backscatter change within a 6-days period on Sentinel-1 im-
ages. [16] developed a near-real time automatic avalanche
monitoring system that was first applied pre-operationally
on three regions in Norway by the Norwegian Avalanche
Warning service, also using Sentinel-1 SAR imagery. From
winter 2020-2021, it is daily used in all Norwegian forecasting
regions ([19]). Thus, forecasters can produce feedback on
avalanche risk. [16] compared this automatic method to field
observations and manual detection: the POD were 57 % and
79 %, respectively.

[20] compared avalanche mapping with optical and SAR
images: radar Sentinel-1 with TerraSAR-X and optical SPOT6-
7 images. The comparison of detection methods was also
made: single image avalanche detection, two-image composite
avalanche detection, multi-orbital composite image (one RGB
composite image made of a combination of 12 images taken
before the avalanche activity period and 12 images taken
after the events) and automatic avalanche detection. [20]
found that change detection is more sensitive than single
avalanche detection. The change detection with TerraSAR-X
images detected more avalanche events than with the Sentinel-
1 (small avalanches were missed due to the lower resolution
of Sentinel-1 compared to TerraSAR-X). [8] used similar
pre-processing steps of [20] and compared the reliability
of avalanche detections of: SPOT-6, Sentinel-1 and optical
Sentinel-2 images. [20] and [8] studies found that Sentinel-

1 is effective in mapping avalanches (significant spatial and
temporal coverage) despite the fact that these observations do
not help to detect avalanches of small and medium sizes. [8]
obtained a POD of 0.27 using Sentinel-1 manual mapping.
The authors found a lower POD than for the SPOT mapping
because of the majority of medium and large size avalanches.

To minimise the effects of geometric distortions, [21] sug-
gests merging the ascending and descending orbits with the
local resolution weighting (LRW). This is based on applying
a weighted average according to incidence angles to merge
acquisitions from different orbits. In the study of [20], the
authors showed that the use of LRW improves avalanche
visibility by weighting the slopes opposite the radar more
strongly. [8] used similar SAR processing steps and used pre
and post avalanche event LRW image differences to map areas
associated with an increase in the SAR backscatter signal. [22]
proved that a segmentation with a fixed threshold was more
accurate on LRW images (F1 = 0.75) than on unweighted
average orbits (F1 = 0.68) and on single orbit images (F1 =
0.5).

The change detection method using three different SAR
images was recently used to manually detect avalanche debris
in the French Alps. In the study of [23], time series of Sentinel-
1 images were studied. [23] investigated the possibility to
synthesise and visualise the detected avalanche activity at a
regional scale (e.g. 500 km? ) by aggregating the detected
avalanche activity according to some terrain characteristics
(elevation, slope, orientation).

Recent studies also evaluated the potential of machine learn-
ing approaches such as Random Forests and Convolutional
Neural Networks using Sentinel-1 imagery. In the work of
[24], [25] and [26], a binary classification of avalanches
was realised. [25] and [27] were mostly based on manual
interpretation, whereas in [26], an independent avalanche
inventory was used. This last study explored the question
of the potential of deep learning methods which could help
improve the detection of avalanche debris. More recently, [22]
trained and tested a deep neural U-Net using manual mapped
avalanches outlines and obtained a high detection score (F1 =
0.81). Random Forest is a machine learning approach and is
very effective in classification ([28]). The results of [29] are
promising to automatically detect and map snow avalanches.
[30] used Random Forest to classify and predict avalanche
activity in the French Alps by taking into account snow and
meteorological conditions. Random Forest was already used in
various and multiple applications and is especially well suited
for limited data size : it does not overfit, it is fast and also
robust with respect to noise ([28]).

Although the potential of Sentinel-1 SAR data is promising
for snow avalanche mapping, their exploitation still raises
significant scientific challenges. Meteorological conditions can
impact the snow pack (wind, change in temperature, pre-
cipitation, etc.) and the heterogeneity of mountainous terrain
makes it all the more difficult to study the SAR signal and its
interaction with the snow cover. Moreover, the side-looking
radar and the complex mountainous terrain cause geometric
distortions in the radar image like foreshortening, layover and
shadows. In-situ observation datasets are limited by the terrain



accessibility and are realised punctually for specific avalanche
paths.

In this work, a new automatic debris detection method
is evaluated using part of the [1] as a validation database.
[1] mapped a large number of avalanche outlines using high
resolution observations from SPOT6 images. It was found that
some avalanche deposits, mainly the large ones, can remain
visible several days after an avalanche event [7]. Our detection
method is based on “light green color” detections in a multi-
date SAR image composite in the HSV (Hue Saturation Value)
color space. In order to better account for the contribution of
snow-free surfaces to SAR signal, we look at the detection
results when using different reference images. An automatic
classification is applied after a study of the variability of the
SAR signal. Our goal is to better understand SAR signal
variations during the winter season for different types of land
cover and prepare our automatic method of detection. The
results of detection are then evaluated against snow avalanche
events from the SPOT database of [1]. We also discuss
the potential of a Random Forest filtering to reduce false
detections. Data and methods used in this study are described
in the first Section. In the second Section, we study SAR signal
variations in some locations of our test areas. In Section 3, we
introduce the color based detection method. The results and
evaluations with the SPOT reference are presented in Section
4. Section 5 is the Discussion section and the last section
provides conclusions.

II. STUDY CONTEXT, DATA AND METHOD
A. Study Context and Data

The area under investigation is located in the Swiss Alps,
as shown on Fig.1. It is covered by one Sentinel-1 tile, the
32TLS zone. The study area, with, approximately, a surface
of 3’800 km?, includes Lower Valais and the southern part
of the cantons Vaud and Bern. This area was studied in the
work of [7]. Almost 4,000 avalanches were mapped in the
32TLS zone after a period of very high avalanche activity
(preceded by several avalanche periods) in January 2018.

We used backscatter coefficients at C-band from SAR
observations of Sentinel-1 (noted S1 hereafter). Sentinel-1
mission consists in a constellation of two satellites, Sentinel-
1A and Sentinel-1B, which were launched in April 2014
and April 2016, respectively, by the European Space Agency
(ESA) within the Copernicus Programme. S1 has a side-
looking imaging geometry, so that images are subject to
geometry-induced radiometric distortions (shadow, layover
and foreshortening effects). We relied on the French Space
Agency, CNES (Centre National d’Etudes Spatiales), com-
puting facilities to pre-process S1 data. The pre-processing
included thermal noise removal, speckle filtering using the
multi-temporal filtering of [31], radiometric calibration and
terrain correction using the SRTM digital elevation model at
30 m. SAR images are obtained for tiles of 110*110 km?. S1
data are accessible on the PEPS platform. The flowchart of
this pre-processing is shown on Fig.A.1.

S1 SAR imagery is not limited by weather conditions ([13],
[2]). With two satellites and considering the same incidence

TABLE I
Acquired Sentinel-1 data, with the descending orbit (DES, around
05:43) and ascending orbit (ASC, around 17:22, time UTC).

Satellite Orbit Date
S1A 139 - DES | 2018-01-03
S1B 088 - ASC | 2018-01-05
S1B 139 - DES | 2018-01-09
ST1A 088 - ASC | 2018-01-11
STA 139 - DES | 2018-01-15
S1B 088 - ASC | 2018-01-17
S1B 139 - DES | 2018-01-21
STA 088 - ASC | 2018-01-23
S1A 139 - DES | 2018-01-27
S1B 088 - ASC | 2018-01-29

angle, the revisit frequency is 6 days for each orbit for central
Europe. The image acquisition of the descending orbit (D139)
is two days ahead of the ascending orbit (A0O88). There were
several high avalanche activity periods in January 2018. To
take into account the large areas of SAR geometric distortions
not usable for the detection and the differences in dates and
times of observation between S1 and SPOT6, we considered
the whole month of January for the avalanche detection.
Indeed, some deposits from large avalanches released before
the period of the 21-23 January were visible several days after
the events on the SPOT6 image of the 24 January ([7]). We
used all acquisition images of this month with a total of 10
images. Information on these images are introduced on Table
L.

In addition, more SAR data was used for selecting the best
reference image (here we consider the whole SAR image
time serie from early August 2017 to end of December 2017
with a total of 60 SAR images). We mainly focused on SAR
backscatter at VH polarisation. We used the Interferometric
Wide Swath (IW) acquisition mode and Level-1 Ground
Range Detected (GRD) products.

SPOT mapped avalanches are a great support to evaluate
our methods over a rather large area during the exceptional
avalanche period of January 2018 in the Alps. As mentioned
in Section I, [8] have shown the high potential of SPOT
for avalanche mapping using validation points from ground
truth (POD = 0.74). The SPOT mapped avalanches cover
the majority of the Swiss Alps (surface of 12’500 km?) [1].
However, this data set is not exhaustive, some avalanches
could not have been mapped because of the visibility and
weather conditions but it represents quite well the last
avalanche activity of the month of January 2018 (noted SPOT
data hereafter).

Using the winter reports and avalanche bulletins made by
the WSL Institute for Snow and Avalanche Research SLF, we
report some of the meteorological context and danger level of
January 2018 for the study zone on Fig.3. In this figure, a
timeline of acquisition dates of the SAR and SPOT images is
also given. Exceptional quantities of snowfall were measured.
In 25 days, at high elevations (above 2’000 m), there was
2,5 to 5 m of snow. Hence, over a large part of the study
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Fig. 2. SPOT mapped avalanches size distributions in the study area.

area, high danger level (level 4) was frequent. The highest
danger level occurred on the 22" of January (level 5). January
was also a month incredibly mild with heavy snowfall at high
elevation and abundant precipitation at low elevation. Valais
was the most impacted zone and many large to extremely
large avalanches were reported. The majority of the SPOT
mapped avalanches in this area are of large size as shown
on Fig.2. Several periods of stormy weather characterised by
winds of strong velocity to storm force and heavy to intensive
snowfall occurred in January 2018. Numerous snowfall and
strong winds predominantly from the West generated large
snow accumulations on slopes exposed to the East. Mapped
avalanches are mainly located on southeast, east- and south-

) 32TMSj|, Spatial coverage of Sentinel-1 0 25
S332TLS J relative orbits D139, A088

[ Cantonal boundaries of Switzerland

facing slopes over our study area.

B. Automatic Avalanche debris using color detection

Fig.4a shows a SAR RGB (Red, Green, Blue) composite
image using three SAR acquisitions. In R, G, they are two
successive SAR acquisitions and the image in B channel is
a reference image without snow (R: 20180121, G: 20180127
and B: mean SAR image (average of the images of August and
September 2017)). In case of avalanche events, the SAR image
after the event will show a localised increase in the backscatter
with respect to the acquired image six days earlier. An increase
in backscatter appears green, while a decrease in backscatter
appears in magenta and areas of no temporal change appear
in grey.

The avalanche features, visible in the debris image in Fig.4b,
appear as bright green features in the RGB image, which indi-
cates an increase in backscatter with respect to the reference
images. These are the kind of characteristics that we wish
to detect automatically, without any prior knowledge of the
area where the debris might be located. Obviously, a localised
increase in the SAR signal can be due to many other reasons
besides avalanches. Nevertheless, the signal increase can be
considered as a proxy to target areas potentially affected by
avalanche debris. The main idea of our approach is therefore
to correctly detect areas of bright green, which is equivalent
to segmentation in the color space.

To achieve this, we developed a novel method to detect areas
of debris using a color space segmentation technique applied
on three SAR images acquired at different dates:

¢ R: the D minus 6 days image (noted D-6 hereafter);

o G: the activity image (at day D);

o B: the stable reference image taken several weeks before
the event (noted D-M hereafter).

Color based detection methods are widely used in many
applications, such as computer graphics, image processing,
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Fig. 5. Flowchart of the automatic method of snow avalanche debris detection.

TV broadcasting, and computer vision. Color space is a
mathematical model used to represent color information as
three or four different color components. One of the most
common color space is RGB (Red Green Blue), where colors
are represented in terms of their proportions of red, green,

and blue. Another useful color space is HSV (Hue Saturation
Value), which is particularly relevant for identifying contrast
in images. Our method relies on the use of HSV color
space, where the H(ue) dimension represents the color, the
S(aturation) dimension represents the dominance of this color



and the V(alue) dimension represents the brightness. The color
detection algorithm seeks for the position of the color and its
luminance instead of looking for specific RGB values. The
detection of shades of bright green was done in two main
steps. (1) First, an RGB composition was made with 3 images
(R: D-6 reference image, G: activity image at day D, B:
D-M reference image). (2) Then, the resulting RGB image
was converted into HSV space using the following formulas
(provided by Python for the colorsys” modules):

V = max(R, G, B); (1)
maz(R,G,B)—min(R,G,B) .
S = maz(R,G,B) ’ it v 7é 0 ; (2)
0, otherwise
60(G—B) . _
PR
+ - .
H = maz(R,G,B)—min(R,G,B)’ ifV=3aG. 3)
2404+60(R—G) V=B

maz(R,G,B)—min(R,G,B)’

A green color variation range was chosen to detect several
shades of light green. We used OpenCV python open libraries
to perform color space conversions. An illustrative example of
the detection results is shown in Fig.4b where the detection of
light greens are shown in black. One can notice that almost
all the light green areas are very well detected by our method.
In this example, the D-M reference image is the average of
the images taken from August to September 2017. In addition,
in layover areas, we observed a scarce number of detections.
The flowchart of this method of detection is shown on Fig.5.

It is expected that reference image selection can have a
significant impact on the detection results. For instance, the
condition of snow on pre-event images can increase false
avalanche detection in case of wet to dry snow transition
between reference and activity image ([16]). We performed
several estimations of debris detections of the same scenes by
varying the D-M reference images. To select D-M reference
image dates, we relied on the results of [32] who used different
metrics to better select the reference images. Such a reference
is commonly used in change detection approaches. In our
study, particular emphasis was placed on methods that would
allow optimal selection of the D-M reference image. We
calculated cross correlations between all SAR image time
series, covering the 32TLS tile, from August 2017 to end
of January 2018 (ascending/descending images were used
separately, which represents a total of 60 SAR images). Cross
correlations (1 minus correlation) figures are shown on Fig.A.2
in the Appendix section. To select D-M reference image dates,
the idea was to find dates for which a fairly clear loss of
correlation can be noted with the observed scenes of January
2018. We aim at better identifying avalanche events. We strive
to select D-M reference images that will add information on
the surface/ground condition. We also chose D-M reference
dates with different meteorological conditions. The correlation
matrices were examined to select possible dates for each
month between August and November. We ended up with
the following reference dates (descending/ascending): 6%/8%h
August 2017, 5%/7% September 2017, 5%/7" October 2017,
10%/12" November 2017. The synthesis of meteorological
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Fig. 6. Localisation of the two polygons of pixels on pastures areas, in
different avalanche outlines and different layovers. The background image is
an ascending SAR RGB composite.

conditions for each D-M dates is shown on Table II. Moreover,
we tested the use of a mean SAR image by averaging the
images of August and September 2017. The month of August
was particularly warm, with little precipitation. There were
many snowfalls in the high mountains during September 2017.

III. ON SAR SIGNAL VARIABILITY IN A COMPLEX
MOUNTAINOUS TERRAIN

In this section, we examine SAR backscatter variation at
the pixel scale in areas associated with different types of land
cover : dense forest, glaciers and perpetual snow, bare rocks,
and pasture areas. We aim at better understanding the SAR
variation at the lowest scale, by studying groups of 35 to 40
pixels.

We selected polygons of pixels located outside and inside
avalanche outlines. Polygons located outside SPOT mapped
avalanches are on flat areas where no avalanche could occur
in order to demonstrate that a high backscatter increase is
not connected to other factors outside an avalanche. Groups
of pixels validated by the SPOT data are studied so that we
can state that the observations acquired at these locations are
associated with at least one avalanche event during the month
of January 2018. We used the Corine Land Cover (CLC) to get
information on the types of land cover and the high resolution
layer Tree Cover Density (TCD) to select trees and non-trees
covered areas. CLC and TCD of 2018 are produced by the
Copernicus Land Cover Services (CGLS) and the European
Environment Agency (EEA). The selected pixels are :

e two polygons located in pastures areas, in different
avalanche outlines and geometric distortions: one in the



TABLE II
Selected D-M reference dates and synthesis of meteorological conditions, for both orbits. We used winter reports and avalanche bulletins of the SLF.

Date
Descending/Ascending orbit

Meteorological conditions
Descending/Ascending orbit

2017-08-06/08

Little snowfalls in the high mountains

2017-09-05/07

Beginning of meteorological autumn
snowfalls in the high mountains (1%-3")/up to 10 cm of snow above 3500 m (snowfalls the 6 and 7t)

2017-10-05/07

Thin snow cover at high altitudes

2017-11-10/12

Few cm of snow/fresh snow and storm winds

Beginning of winter conditions

ascending and the other one in the descending path, Fig.6
displays the location of these groups of pixels;

o two other groups of pixels in the same avalanche outline
and with different tree cover density: one in a dense forest
area (more than 60 % of Tree Cover Density) and another
one in a tree-free zone (0 % of Tree Cover Density)
(location not shown).

« two other groups in bare rock area, one in an avalanche
outline and the other one outside SPOT mapped
avalanches (location not shown);

« two additional groups in glaciers and perpetual snow area,
one in an avalanche outline and the other one outside
(location not shown);

The corresponding backscatter time series of the polygons
located on different geometric distortion zones (depending on
the orbit direction) and SPOT outlines (located on Fig.6), from
early December 2017 to end of January 2018, are presented
on Fig.7. Results are given for the ascending (Fig.7a) and
the descending orbits (Fig.7b). Note that if a pixel falls
in the ascending orbit geometric distortion zone, this same
pixel will not be affected by the descending orbit distortions,
and conversely. As expected, a group of pixels falling into
a geometric distortion zone exhibits very high backscatter
values: for instance, for the descending orbit, the backscatter
average from the polygon falling into the descending layover
ranges from around -7.5 to -2.5 dB while the signal from the
other one (outside the descending layover zone) ranges from
21 to -17 dB with an exception on January 15". For the
groups of pixels outside layover zones, we can note a lack of
significant variation of SAR signal from early December till
early January and, for the ascending orbit, strong increases of
the signal are observed on January 11" (mean value increases
of 10 dB) and 29", We do not observe a significant change
concerning the signal in layover zones.

We now consider two other groups of pixels on the same
SPOT outline, not affected by layovers and associated with
dense forest (more than 60 % of Tree Cover Density), tree
free (0 % of Tree Cover Density), bare rock areas (see Fig.8).
For dense forest, the backscatter signal varies smoothly with
no significant drop of the signal, except for the decrease on De-
cember 12", We observe a rather strong increase in backscatter
for tree free pixels on January 11" after avalanche events.
We can make the hypothesis that detection over dense forest
might be challenging as there was no significant increase for
the dense forest polygon because of difficulties to separate the
contributions of snow and canopy effects. Similar conclusions
can be drawn for bare rock, whose signal variation can be

examined with or without avalanche events (see Fig.8b). One
could observe a strong increase in backscatter on January 11%
while the signal varies more smoothly in areas outside the
SPOT outlines.

A decrease of SAR signal can be observed with a dry to
wet snow transition. Indeed, snow volume scattering is often
more visible in cross-polarization (VH polarization) with a
backscatter decrease due to wet snow. It can be linked to
absorption, reflection processes, and the decreasing amount of
snow volume scattering in a shallowing snowpack ([33]). A
net backscatter increase due to wet to dry snow transition can
result in false alarms ([16]). The avalanche detection is then
impacted and difficult for these periods. Wet snow avalanches
are usually easier to detect as they usually have a higher
surface roughness than dry snow avalanches ([16], [20]).

We also examine the evolution of the SAR signal on glaciers
and perpetual snow areas from early December 2017 to end of
January 2018 (not shown). We considered two polygons, one
in a SPOT outline and one on flat terrain. For both orbits and
polygons, there was no significant SAR variation (not shown).
It is worth noting that the mean backscatter range was high in
December and January 2018 compared to the reference (the
average of August and September 2017), respectively with the
ascending and descending orbits: from -14 to -11 dB and -12
to -6 dB in December and January, while the mean references
were around -18 dB and -21 dB. This can be linked to different
snow conditions, as discussed previously.

The detection method we have developed is based on the
analysis of the evolution of the SAR signal between two
successive dates and with the inclusion of a reference image
selected with a sensitivity study. We therefore anticipated
difficulties in detecting avalanche debris in areas of glaciers,
layover and also in areas of dense forest.

In our study, we masked out water bodies, glaciers and per-
petual snow, and the artificial areas (urban fabrics, industrial,
commercial and transport units, etc.) using classes of land
cover. We do not take into account artificial areas as it is rarely
affected by snow avalanches. The SAR backscatter variation
of glaciers stands out comparing to those of various snow
types ([34]). The detection of snow on lakes must be treated
differently from snow on open areas ([35]). We choose to
exclude water bodies, glaciers and perpetual snow as different
studies have found the properties of those surfaces challenging
for radar detection and analyzing the signal change would go
beyond the scope of this paper ([9], [14], [16]).
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Fig. 7. Mean backscatter time series from early December 2017 to end of January 2018 for test pixels shown in Fig.6, on a pasture area: with, a, the ascending
orbit and b, the descending orbit. The last date named ’reference’ is the average of two months (August and September 2017).
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(b) Bare Rock

Fig. 8. Mean backscatter time series from the ascending orbit from early December 2017 to end of January 2018 for polygons on (a) different tree-covered
areas, but on the same avalanche outline and (b) on a bare rocks area, inside a SPOT outline and outside, on a flat terrain. The last date named ’reference’ is

the average of two months (August and September 2017).

IV. AVALANCHE DEBRIS DETECTION RESULTS

We used our detection method to calculate binary products
of avalanche debris for the entire month of January 2018
(using 5 SAR images from the ascending orbit and 5 images
from the descending orbit). To facilitate comparison with the
SPOT reference, a binary product was generated by assigning
a value of 1 to any pixel that was detected as debris, O
if no detection was performed. All Sentinel-1 acquisitions
during January were accounted for. We obtained as many
binary products as D-M reference images that were tested. We
recall that the following dates were used as D-M reference
images (ascending/descending): 6"/8" August 2017, 5t/7%h
September 2017, 5%/7" October 2017, 10"/12" November
2017 and a mean image using all images of August and
September 2017.

We then studied the properties of the avalanche debris pixels
using the SPOT data, which we consider here as our reference.
We first calculated the number of pixels falling within a SPOT
contour and also the location of SPOT outlines for which no
debris was detected. We also examined the characteristics of
SAR detection outside the SPOT outlines.

A. Overall statistics

In this section, we consider the detection results obtained
using SAR images of the average of August and September
as D-M reference for both orbits.

We introduce some global statistics with rates of True
Positive (noted TP hereafter) and False Negative detection

(noted FN hereafter). A snow avalanche event is considered TP
if at least 10 SAR debris pixels fall in the SPOT outline. In
case of lack of SAR detection or when less than 10 pixels
are inside the SPOT mapped avalanche, the SPOT outline
is then associated with a FN event. The True Positive Rate
(TPR) is the percentage of TP events compared to TP and FN
events. The False Negative Rate (FNR) is the percentage of FN
compared to the TP and FN events. Thus, TPR and FNR of 100
and 0 %, respectively, are for perfect detections. The choice
of 10 pixels is made considering the low spatial resolution of
S1 and the fact that many studies highlighted the difficulty
to detect snow avalanches of small sizes using S1 (size 1,
10 to 500 m?, according to the European Avalanche Warning
Services, EAWS) ([16], [20]). [16] used a cut-off minimum
size of 10 pixels to reduce false alarms and pointed out the
limitation of detecting small avalanches using S1 images. [20]
also noticed that small avalanches were often missed when
using S1.

With the SPOT outlines, the TPR are around 58 % and 36
% with the ascending and descending orbits, respectively. By

combining the detection from both orbits, we obtain a TPR of
around 66.4 %.

Fig.9 shows percentages of FNR and TPR using both orbits
per classes of orientations. The maximum values of FNR
are obtained with South-Western and Western orientations
for the ascending orbit (FNR are around 69 to 63 %) and
Eastern, South-Eastern and North-Eastern orientations for the
descending orbit (around 83 to 70 %). This is in line with
the presence of areas of geometric distortion affecting the
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Fig. 10. Number of debris pixels in SPOT mapped avalanches as shades of red: the darker the color, the larger the number of debris pixels within an
avalanche detected outline. Grey indicates avalanche tracks where no debris is detected by SAR. Yellow indicates a small number of SAR debris, while dark
red represents a high number of SAR pixels. Results are given for : a, the ascending orbit and b, the descending orbit. We used the average of two months
for the D-M reference image. The background map is the classes of orientation (SRTM digital terrain model).

Eastern orientation for the descending orbit and the Western
orientation for the ascending orbit. Indeed, we can observe
higher TPR in Western orientation for the descending orbit
than for the ascending one. We can see it visually on Fig.10.
This figure shows the SPOT mapped avalanches as shades of
red depending on the number of detected pixels falling in each
outline: the darker the color, the larger the number of debris
pixels within an avalanche outline. Note that outlines with less
than 10 SAR pixels detected (yellow and grey colors) are not
considered in our statistics.

We now consider percentages of TPR and FNR per classes
of avalanche size. We used the same classification as in the
study of [7] and we excluded the smallest class (size 1). The
remaining avalanche events are classified as : "Medium: size
2” (501 to 10,000 m?), “Large: size 3” (10,001 to 80,000 m?),
“Very large: size 4” (80,001 to 500,000 m?) and “Extremely
large: size 5” (greater than 500,000 m?) events. We expect to

have less detection of size 2 avalanches as we have chosen not
to consider SPOT outlines with less than 10 detected pixels.
Approximately 30% of our detections of less than 10 pixels
and with at least 1 pixel, fall in the outlines associated with
avalanche size 2 (29.8% and 40 % obtained in ascending
orbit with a reference image taken in November and early
August respectively). Unsurprisingly, the larger the avalanche,
the easier SAR detection is (at least 10 pixels) and the larger
is the number of detected pixels that fall within the avalanche
boundary. Thus, about 21 to 13 % of medium-sized avalanches
are detected with ascending and descending orbits respectively.
The percentages are 64 to 36 % for large avalanches, 87 to 63
% for very large avalanches and 100 to 94 % for extremely
large events.



TABLE III
Percentages of TPR using different datasets of SAR debris detection
(using different D-M reference dates and only one D-6 reference image)
for both orbits. TPR are calculated with respect to the SPOT mapped
avalanches. A SPOT avalanche detected event is a SPOT outline that
includes at least 10 detected pixels.

. Whole January End of January
D-M reference image DES ASC DES ASC
Aug-Sep 2017 35.7 57.8 23.6 33.5
6-8 Aug 2017 44.6 59.1 32.6 34.8
5-7 Sep 2017 42.2 68.0 30.3 47.8
5-7 Oct 2017 44.6 64.4 34 42.4
10-12 Nov 2017 47.1 71.7 37.3 52.9
D-6 image 30.1 59.8 124 29.3

B. Results using different D-M reference images

We now consider the whole set of debris calculations using
various selections of D-M reference images. Table III shows
the percentages of TPR and FNR for, respectively, the ascend-
ing and the descending orbits using different datasets of SAR
debris detection. Results using the whole month of January and
the end of the month are compared on this table. We use the
following D-M reference dates (descending/ascending): 61/8™
August 2017, 5/7% September 2017, 5M/7" October 2017,
10"/12" November 2017. FNR and TPR are calculated with
respect to the SPOT mapped avalanches. On Table III, we
note that for the D-M reference images, the use of selected
individual dates improves detection results with regards to the
average over two months. Considering the whole month of Jan-
uary: with the descending and ascending orbits, respectively,
around 36 to 58 % of SPOT avalanche events are detected
with the average of August and September while the maximum
of detection is obtained using the 10 and 12t of November,
with 47 to 72 % of detected SPOT avalanche events. If we
use the same method of detection but with only two images,
the D-6 reference image (in R and G channels) and the
activity image, we obtain similar results than when using the
average over two months as the D-M reference image : 30
to 60 % of SPOT avalanche events are detected, respectively,
with the descending and ascending orbits for all of January
2018. Therefore, the use of two reference images (D-6 and a
reference image) appears to improve debris detection results.
The average reference image D-M mixes dates that might
not be as favorable for detection (warm weather and few
snowfalls/rain in the high mountains). Moreover, choosing
D-M reference dates with similar snow and meteorological
conditions to the beginning of winter season seems to enhance
SAR detections (November dates). We also note that there is
more debris detection with the evening orbit (ascending) than
with the morning orbit (descending). For the events verified
with SPOT mapped avalanches, we also have a high percentage
of TPR with the evening orbit while having a fairly low
percentage of FNR compared to the morning orbit.

Comparing the results obtained for the whole month and
those obtained for the end of January, we observe, respectively
for the ascending and descending orbits, average gaps of
around 23 % and 12 % (see Table III).

We studied the results using different D-M reference images
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Fig. 11. The percentages of TPR and FNR per classes of avalanche size
using the ascending orbit, with the 12t November 2017 for the D-M reference
image. For each avalanche size, perfect detections are obtain with a TPR of
100 % and a FNR of 0 %.

per classes of orientations for the whole month of January. The
general trend in detection results by orientation is broadly
similar regardless of the D-M reference chosen. For the
ascending orbit, we note better detection rates for the North,
North East, East, South, South East orientations while the
South West, West and North West orientations are worse.
This effect can be explained by the impact of geometric
distortions. Considering a given orientation, the best detections
are obtained with the reference of 12" November 2017 with
the highest TPR and the lowest FNR. For the South East
orientation, which is associated with the highest number of
SPOT avalanche events, the TPR/FNR are, respectively, 78.7
/ 21.3 % when the D-M reference is that of November 12
compared to rates of 65.9 /34.1 %, 74.8 /25.2 % ,70.4/29.6
and 63.6 / 36.4 % when the D-M reference is that of August §,
September 7, October 7 and Summer mean image respectively.
For the descending orbit, the South orientation is associated
with the highest number of SPOT avalanche events. The TPR
are respectively : 52.1, 52.1, 52.6, 54 and 41.5 % when the
D-M reference is that of August 6, September 5, October 35,
November 10 and Summer mean image respectively.

We also looked at avalanche detection results by avalanche
size and for different reference images for the month of
January. Medium/large/very large avalanches seem to be better
detected when using individual dates rather than a mean
summer image (best results are obtained with September and
November images). For example, for the ascending orbit,
the detection rate of “Large” and “Very large” avalanches
increases, respectively, from 64 % and 87 %, when D-M
is the summer average, to 77 % and 92 % when the 12
November reference is used (see Fig.11). Poorer detection
results are obtained for the medium avalanche class. Therefore,
the selection of reference images based on the criterion of
cross correlation of images seems to be relevant to improve
avalanche debris detection. November was the beginning of
winter but with different ground conditions from January.
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C. Potential of a Random Forest approach : Improving the
detection by filtering with machine learning

The complexity of the interaction between the radar signals
and the snow is also linked to the terrain characteristics
such as surface type, slope, orientation and elevation. Our
debris detection method targets areas with a strong increase
in backscatter between two successive dates. However, an
increase in signal may be due to other effects than the debris of
a snow avalanche. This is why we additionally developed and
compared an automatic filtering of the color-based detection
using a machine learning approach. The goal is to accurately
remove the false debris detections by learning the non-linear
function linking the SAR signal variation between successive
dates, a D-M reference image and the topology information
(slope, orientation, elevation and tree cover) to the presence
or absence of avalanche deposit.

We trained a random forest (noted RF hereafter) classi-
fication model on the 32TMS tile (see Fig. 1) in order to
avoid any overfitting on the 32TLS tile, where the results
are then evaluated. RF is an ensemble learning method that
constructs multiple decision trees during training and averages
the regression prediction over the trees ([28]). Each tree is

independent and generates a class prediction. The best class
prediction is selected at the end (vote for the most popular
class) ([28]). Moreover, a machine learning algorithm can be
robust to label noise (i.e. mislabelled samples). Thanks to the
SPOT mapped avalanches on the 32TMS, we created a labelled
database from which we trained our RF model: for each of
the January SAR acquisition dates, the color detection-based
SAR detections that were in agreement with the SPOT mapped
detections were labelled as positive samples. Conversely, the
SAR detections outside of the SPOT outlines were labelled as
negative samples. For the training, we took the same number
of positive and negative samples in order to facilitate the
learning. Machine learning can learn even if the training data is
not perfect. As discussed in Section II-A3, SPOT6-7 images
are a reliable tool to map avalanches. However, a minority
of avalanches could not have been mapped because of the
visibility and weather conditions. There are also differences in
dates and times of observation between Sentinel-1 and SPOT.
Thus, some samples could have been mislabelled. From a
grid search analysis on 75 % of the 32TMS tile detections,
we selected a RF model with 128 trees of depth 10. Grid
search allowed us to select the best parameters for the RF
classification : we tested different values for each parameter
and selected the best combination of settings. We obtained
on the remaining 25 % of the 32TMS tile a 81 % accuracy
for the descending D066 orbit and 95 % accuracy for the
ascending A088 orbit. Once trained (few minutes), the model
is computationally efficient and the prediction output of the
full 32TLS is estimated in less than a minute. Among the
outputs of the RF classification is the probability of occurrence
of events, which varies from 0 to 1, which is associated
with detections. False detections can be reduced by only
considering detections associated with a high probability (e.g.
> 0.7). We can thus derive a probability map for each SAR
acquisition date for January 2018, which gives a confidence
for every detection. Two flowcharts summarize the described
processing steps: the Random forest filtering is shown on
Fig.12a and the steps of the training and the prediction are
introduced on Fig.12b.

Table IV introduces the percentages of TPR using different
thresholds for each orbit and the average of two months for
the D-M reference image. Concerning the RF filtering, we
did not add a minimum value of number of detected pixels
as we suppose that the RF filters SAR debris according to
the non-linear function linking the S1 data and the topology
information. By default, we consider that a pixel belongs to
an avalanche if the probability is above 0.7 for the descending
orbit and above 0.2 for the ascending orbit. We empirically
chose these values because the RF results are below the SAR
7> 10 pixels in each SPOT track” results. In addition, outside
and inside SPOT outlines, the higher the threshold, the more
pixels are filtered. This is why we can observe a drop of TPR
values with a high threshold. Moreover, visually, there is an
improvement of the detection, as it removed many isolated
pixels and kept the majority of verified detections.

An example is shown on Fig.13 with the detected pixels
using : a, the color detection-based method, b, the probability
of RF output being an avalanche and c the RF filtering on
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TABLE IV
Percentages of TPR using different thresholds of RF filtering. We
filtered all SAR debris.

0 100 200m  Probability of RF output
—-_— 0.01 m0.73

SAR filtered debris | Ascending | Descending
Threshold of RF orbit orbit
RF > 0.1 68.1 534
RF > 0.2 38.1 522
RF > 0.3 253 50.5
RF > 0.7 8.2 313

January 27" (descending orbit). Note that the RF filtering
shown in Fig.13c was obtained using 0.7 as threshold.

We compared results obtained with different RF thresholds
(not shown). We can note that the RF does not deteriorate re-
sults of validated pixels using SAR color based detection. For
January 2018, the number of detected pixels outside the SPOT
outlines with no RF filtering are around 1°048°160 / 1°479°500
with the descending and ascending orbits, respectively. With
a RF filter, the number of pixels decreases and we obtained :
with a RF threshold above 0.3, around 587°500 / 99’500 and
with a RF filter above 0.7, around 157°100 / 8500.

We can observe with the descending and ascending orbits,
respectively, that the number of pixel outside the SPOT
outlines is significantly decreased compared to the number
of pixel inside the SPOT paths: with a RF filter of 0.3, 56 /
7 % of detected pixels are kept outside SPOT outlines while
88 / 25 % of detected pixels inside SPOT outlines are kept
by the RF filtering, respectively. The difference between orbit
RF filtering models have not been investigated, but might be
due to the number and variety of available training data in the
32TMS. The RF filtering reduced the number of pixels outside
SPOT mapped avalanches, while retaining a majority of the
true positives ones, without removing verified detections. We
trained the RF classification model with the SPOT mapped
avalanches, thus we expected a reduction of the number of
pixels outside SPOT mapped avalanches.

0 100 200m 1 SPOT mapped avalanches
[

025 mm0.96
0.49

(b) ©

— Elevation lines (m)

a, SAR and c, RF methods using the D139 acquisition date, the 27 January 2018. The probability of RF output

On the one hand, for detected pixels falling inside the
SPOT-mapped avalanches, the orientation distribution after
RF filtering is close to the distribution of verified detections
(not shown). On the other hand, for detected pixels falling
outside the SPOT-mapped avalanches, RF filtering makes some
changes to the detections according to the orbit direction. For
the descending orbit, RF filtering significantly reduces the
number of detected pixels for west orientations compared to
east orientations. For instance, with an RF filter of 0.3, 7 %
(69 %) of the detected pixels on the eastern (western) slopes
are discarded after filtering.

V. DISCUSSION

Regarding the detection method, we use a color space
segmentation approach to detect areas of avalanche debris. For
this purpose, we rely on the use of two reference images (D-6
and D-M) instead of one, which was used in previous studies
(D-6 or D-12) ([2], [36], [37] [14], [16], [8], [20]). It is worth
noting here that some studies dealing with wet snow detection
using Sentinel-1 have investigated the issue of using not only
one but two reference images. A method has been proposed by
[38] which suggests using two reference images taken before
and after the melting season. However, if the second reference
image is without snow and the ground was already drying,
false detection can occur ([39]).

We looked at the impact of using the D-M images by
performing debris detection with only the D-6 image as
reference. The results are summarized in Table III where one
could see that the use of two reference images improves the
percentages of TPR by about 6 to 17 % for the ascending
orbit and by about 3 to 12 % for the descending orbit (values
depend on D-M images). These results also suggest that the
D-M image must be carefully selected to maximise debris
detection. We have shown that the use of an average image
as a D-M reference does not seem to be the right option for
optimising avalanche debris detection, but rather the selection
of reference images. The D-M reference images were selected

' SAR detections filtered with RF



using the criterion of low cross-correlation of SAR images
with respect to the avalanche activities periods of January
2018. By studying the meteorological and snow conditions
of these dates, and comparing it to the obtained results, it
seems that best results are obtained when using a reference
image at the very beginning of winter. This was the case
of the ascending D-M reference date of the 12" November
2017 (considerable snowfalls and beginning of the winter
condition), for which we obtained the highest detection score.
During the 10" November 2017, the snow depth was lower
than the 12" November (11-13 November was a snowfall
period). This change of snow conditions could explain the
difference of results using the ascending and descending
orbits. Good results were obtained using September reference
images. The issue of reference images still requires further
work to select the best possible option. The use of images at
well selected dates would allow better capture of ground/snow
conditions and effect of growing vegetation. The D-6 and D
images in January 2018 were also different for both orbits :
images from the descending orbit are acquired in the early
morning while those of the ascending orbit are acquired,
two days after, in the end of the afternoon. The snow and
meteorological conditions are then also different and lead to
different results. The extent of the distortion zones (which do
not allow the detection of debris on specific mountain slopes)
could also partly explain the detection gaps between the two
orbits. Further studies are underway to better understand
these differences in detection.

In the study of [8], it was emphasized that S1 detection was
often partial. Indeed, the detected areas can be disconnected
as many patches corresponding to a single avalanche. Our
detection is done at the pixel level and not at the level of
polygons or avalanche shapes. We evaluated our results by
looking at detected events verified by SPOT outlines (with at
least 10 pixels falling within a mapped avalanche). Contrary
to studies that generated avalanche polygons, we can’t
evaluate avalanche detection outside SPOT tracks in absence
of other validation datasets ([16], [8]). A specific processing
to combine the different patches into a single avalanche
should allow better detection performance. It would avoid
overestimating the number of avalanches or underestimating
their size.

We have relied on the previous work of [8] and [7] who
showed the very good quality of the SPOT database which
we have considered as our reference. In [1], the authors have
documented the avalanche period of January 2018 over a
large spatial extent using SPOT6’s high resolution measure-
ments by mapping 18,737 avalanche contours in Switzerland
providing us with a great tool to evaluate our algorithms.
The SPOT database is very relevant for us since it helps
us to evaluate several properties of avalanches, including
avalanche size, we could hardly find elsewhere with such
high spatial coverage. The current study covers one month
with successive avalanche periods and must necessarily be
extended with further assessments covering different periods
and areas, with various meteorological conditions and zones

of different characteristics. The use of SPOT images should
also be complemented as far as possible by in-situ avalanche
observations.

SPOT mapped avalanches were identified after the
avalanche period from the 21 to 23 January 2018. In our
study, we focus on January 2018 which had several successive
avalanche periods. Results of the detections with the Sentinel-1
images taken at the end of January show average differences in
detections of the order of 12-23 % compared to the detections
of all S1 images of the month (see Table III). Regarding the
use of the SPOT data set, [7] estimated that 10 to 20 % of
the avalanches were released before the avalanche period of
the end of January, with an upper limit value of 25 % of
old avalanches. Including the whole month of January could
be useful to include as much as possible avalanches from
previous avalanche periods that might still have been visible
and therefore mapped in the SPOT reference. This choice may
lead to some bias if we consider avalanches that occurred in
early January and are not present in the SPOT reference. Using
multiple images could also increase the cumulative number of
false detections and will not improve avalanche detection in
areas of geometric distortion.

We expected to find different results for the SAR and
SPOT avalanche monitoring because of the relatively large
areas not taken into account in the SAR images due to
geometric distortions and the differences in dates and times
of observation between Sentinel-1 and SPOT. It is worth
noting that studies of [20] and [8] already compared the
Sentinel-1 manual detection to SPOT6-7 mapping and found
different percentages of detection. The gap between these
detection scores can be explained by the difference of
visibility, spatial resolution and acquisitions dates (variation
of the snow pack state and avalanche visibility according to
the meteorological conditions changes) between the optical
and radar satellites. [20] found that S1 detected 68 % of
SPOT detected avalanches while SPOT detected 44 % of
S1 mapped avalanches. [8] detected with S1 55 % of SPOT
avalanches and, with SPOT mapping, 89 % of S1 avalanches
were detected. Mapped avalanches were linked to validation
points from ground truth. With the 10" and 12" November
2017 as D-M reference images, we also found different
detection scores: 48 and 72 % of SPOT mapped avalanches,
with the descending and ascending orbits of S1 respectively.

In the Section IV, we discussed the detection of SPOT
avalanche events using our segmentation method. It is worth
noting that we applied a detection threshold of 10 pixels
in a outline so that it could be considered in our statistics.
Relaxing the 10 pixels threshold criterion can be of interest in
situations where avalanche pixels can be detected at the edges
of the SPOT outlines (due to differences in acquisition dates
between SPOT and Sentinel-1, changes in meteorological con-
ditions, etc.). Another effect of using the 10 pixels threshold
is the potential deterioration of the detection of small and
medium-sized avalanches (sizes 1 and 2). We have examined
the predominant avalanche size associated with outlines for
which there are less than 10 SAR pixels detected (and at
least 1 pixel). Whatever the D-M reference chosen, avalanche



size 2 was found to be the dominant size (more than 30
% of cases). This may partly explain the poorer detection
results for medium avalanches. This result is consistent with
those of [8], who noted a similar tendency to under detect
small and medium sized avalanches. [8] showed that there
was a clear improvement in detection scores with increasing
size of avalanches (12 % of medium avalanches, 42 % of
large avalanches, 90 % for very large ones and 100 % for
extremely large events). Despite differences in detection rates,
we obtained relatively similar trends with our detection method
with better detection with increasing avalanche size (21 % (45
%) of medium-sized events, 64 % (77 %) of large ones, 87 %
(92 %) of very large ones, 100 % (100 %) of extremely large
events with the mean summer for the D-M reference image
(the 12" November 2017 for the D-M reference image) and
the ascending orbit).

As noted in [8], the avalanche debris mapped in the
Sentinel-1 data often appear as multiple patches. In our
paper, the event definition method allows us to consider even
fragmented debris. We consider that we get an avalanche event
if at least 10 pixels of SAR debris fall within a SPOT contour.
This may also explain the relatively higher scores we get.

It is worth noting that the classes of avalanche size of our
detected events are based on the area of SPOT outlines and
not the volume or destructive potential of avalanches.

Another useful information of SPOT mapped avalanches
is the quality of outlines. Extending the SPOT mapped
avalanches could be helpful in taking better account of the
pixels detected on the edges and it may also be useful
for situations where the detection of avalanches on the
SPOT image is difficult, leading to a lower quality indicator
(presence of clouds, shadows, ...).

For the mountain regions of interest, the choice of auxiliary
data such as DEM (and its resolution) is not obvious. In
our study, our choice was driven by the use of the CNES
generic processing chain which can be used worldwide
and the availability of the 30 m SRTM DEM model. In
the framework of surface type classification, [40] have
investigated the influence of the DEM employed for terrain
normalization of backscatter and coherence data. The authors
show that high-resolution TanDEM-X DEM (20 or 30
m resolution) was the global DEM providing the largest
reduction of terrain induced variability. It would be very
useful to conduct such an analysis with the specific objective
of detecting avalanche debris.

Snow conditions can have a significant impact on Sentinel-
1 debris detection results. It is often expected that wet snow
avalanches are easier to detect overall (e.g. [20], [16]). Indeed,
as it is reminded in the work of [41], with C-band SAR images,
there are physical based limitations to the detection of dry
snow avalanches. Nevertheless, [8] show good detection results
in dry snow especially for medium to large avalanches. In
case of highly changing conditions like in January 2018, it
is possible that the radar backscatter images before and after
the event show fast snow transitions/changes making debris

detection considerably more difficult. For instance, from 15 to
23 January, the snowfall line oscillated around 500 to 2’000 m
(winter reports of the SLF). There were intense snowfalls and
periods of lower avalanche danger with no precipitations. With
stable dry snow conditions, avalanches can be more easily
detected (see for instance, [8] and [16]). [16] obtained better
results for dry to wet snow transition than with stable wet
snow conditions or with wet to dry snow transition. All this
argues for examining the results of detection under diverse
snow conditions.

Another direction of improvement of our system is to take
into account the local incidence angle of the SAR as it was
the case in the [20], [8] and [22] studies. In our study, we rely
on the Sentinel-1 processing chain of the CNES to process
SAR time series. This processing chain does not yet include a
module to correct or attenuate layover/foreshortening effects
but the method of [42] which allows terrain flattening is
scheduled to be implemented in future updates of the system.

Since our assumption for detecting avalanche pixels is
based only on areas with a significant increase in backscatter
compared to reference images, we expect to overestimate the
number of pixels labelled as avalanche debris. Outside the
SPOT corridors we are testing the potential of a RF filtering
approach to remove false detections. The idea is to train the
filtering model on detections that we can evaluate (with the
SPOT database) and then apply it to areas for which we have
no evaluation data. The learning process takes into account
labelled SAR detections as well as terrain characteristics. We
therefore expect this method to help reduce false detections,
but work remains to be done to properly calibrate the method
(define best probability threshold values, increase training data,
take into account different avalanche periods, etc.).

VI. CONCLUSIONS

In this study, we developed a novel method to automatically
detect areas of snow avalanche debris using a color space
segmentation technique applied to SAR image time series. We
provide the first study on SAR detection using D-6 and D-
M reference dates. We have shown that, in our study area,
almost 66 % of the avalanche events recorded in the SPOT
database were detected by our method, by combining the
ascending and descending orbits and using the average of
two months as the D-M reference image. Small avalanches
were not detected by SAR images and, depending on the
orientation of the terrain, some avalanches are not detected
by either the ascending or the descending orbit. Large, very
large and extremely large avalanches were mainly detected,
in agreement with [8] who also noted a clear improvement in
detection scores with increasing size of avalanches: 64 % of
avalanches of size 3 are detected, 87 % of size 4, 100 % of size
5, with the mean summer for the D-M reference image and
the ascending orbit. We have also shown that detection results
vary with the selected reference image; best detection results
are obtained with individual dates chosen in autumn with 72 %
of verified avalanche events using the ascending orbit. Poorer
results were obtained with the descending orbit; and we do



not yet have a precise explanation for this. This detection
gap could be linked to the difference between the state of
the snow pack/ground conditions of D-M reference dates of
the ascending and descending orbits. At first, we selected D-
M reference images with the lowest cross-correlation values
with respect to the avalanche activities periods of January
2018. Reference images taken during autumn seem to give
best results of detection. The comparison of results obtained
using only one D-6 images and using two references image
(D-M and D-6) demonstrates the potential of selecting specific
D-M reference dates (increase of TPR by about 6 to 17 % for
the ascending orbit and by about 3 to 12 % for the descending
orbit).

A possible improvement of the detection method was briefly
presented in order to discuss its potential and possible future
developments. We have tested an automatic filtering system to
remove false detections using a Random Forest classification
model. Despite the preliminary status of this machine learning
filtering, its results are very promising.

Our approach generates avalanche detection at a pixel level.
Thus, we cannot directly compare our results with those of
studies that detect avalanche polygons. The evaluation of the
number of avalanches detected by our method outside SPOT
data is difficult, as we do not produce avalanche polygons and
the detection can be partial [8]. Therefore, more improvements
of our method need to be done.

More in-depth studies are underway to generate systematic
validation of the color based detection method and optimize
the detection scores. An interesting direction could be the
exploitation of a series of reference images rather than a single
one with statistical metrics to derive probabilities of avalanche
debris occurrences. Methods will be further evaluated on
a larger spatial scale including the French mountains and
for several avalanche periods with different meteorological
conditions.

APPENDIX
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Fig. A.1. Flowchart of the pre-processing of Sentinel-1 images using S1-
Tiling chain developed by the CNES radar service.
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Fig. A.2. Cross correlations of backscatter coefficients between all SAR time
series, covering the 32TLS tile, for both orbits, from August 2017 to the end
of January 2018. The values are equal to: 1- Corr, with Corr the values of
backscatter correlations.
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