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1. INTRODUCTION

Snow is an important physical element of the Earth's surface and it has various
distinctive features that make the continuous nooimg of its spatial and temporal extent
highly significant for fundamental environmental studies. Regarding climatology, snow cover
has a direct impact on the energy exchange process between the Earth and its atmosphere
since:(i) it reflects considerablamount of incoming solar radiation due to its high albedo in
the visible and the neamfrared regions, andii§ it prevents the release of heat from the
Earth's surface during winter by acting as an insulator with poor heat conducting
characteristiqHall and Martinec 1985 Snow also plays an important role in hydrology of
the world's mountainous regions as well as-rtochightlatitude alpine environmen{€line et
al. 1998 Hartman et al. 1999 ehning et al. 2006 Water @cumulated in the snowpack acts
as a highvolume frozeawater reservoir during winter season and keeps precipitation until
snowmelt runoff begins, which holds a potential risk of flooding, yet also constitutes a

valuable source of energy and water sugplk y ¢ r e k pRomaadv et al2200B 0

Spatial extent of snow has been declared as an essential climatdegt ¢ s | er et
2012 and, thus, accurate modeling of snow cover is crucial for the better prediction of snow
water equivalent andgonsequently, for the success of general circulation and weather
forecasting models as well as climate change and hydrological s{idl@msn et al. 2003
Clark et al. 2006Dozier 1992 Foster et al. 1996Hosaka et al2005. Although snow cover
analysis based on in situ measuremé@geniston 2003Brown and Goodison 1996aternser
and Schneebeli 2003/1arty 2009 provides highquality long time series data, snow cover
mapping through field surveys is not economically amgistically practical(Gafurov and
B8r do s ¥ Remat® sei®sing (RS) has been offering a powerful alternative for consistent
monitoring of snow cover extentith timely and multispectral data acquired by various kinds
of coarse and medium spatial resolution instruments since thé0sjdwhen the first
operational snow mapping was done by National Oceanic and Atmospheric Administration
(NOAA) (Hall and Martinec 19856

The fractional snow coverproducts (H12 and H3%jre daly operational produst
based on mukchannel analysis of the Advanced Very High Resolution Radiometer
(AVHRR) on board National Oceanic and Atmospheric Administration (NOAA) and
Meteorologcal Operational Satellite (Mep) satellites.They aresupplied by the European
Organization for the Exploitation of Meteorological Satellites (EUMETSAT) Satellite



Application Facility on Support to Operational Hydrology and Water Management (HSAF).
Fractional snow cove(FSC)is generated at pixel resolution by exploiting the brightness
intensity, which is the convolution of the snow signal and the fraction of snowunwité

pixel and the sampling is carried out atrh intervals.The product for flat/forested regions is
generated b¥innish Meteorological Instituté-MI) and the product for mountainous areas is
generated byfurkish State Meteorological Servigg SMS). Both products, thereafter, are
merged at FMIThe pixel codes for H35 product is given in Table

Table 1. H35 pixel codes.

Pixel Code | Explanation
0-100 FSC

250 Land

251 Cloud

252 Sea/Water
253 NoClass

254 Dark

255 NoData/Space

1.1Main Obijectives d the AVS Study

In therecent studyKuter et al. 2018 an alternative approach for FSC mapping from
MODIS data (MODO2HKM)is proposedn RS by usingMultivariate Adaptive Regression
Splines(MARS) for the first time MARS is a nonparametric regression technique developed
by Friedman (1991and it is widely used in data mining and estimation theory in order to
build flexible regression models for complex and hitjymensiamal nonlinear data. The main
advantage of MARS s its ability to define the underlying functional relationships between
dependent and independent variables by simply and smoothly connecting piecewise linear
polynomial pieces, i.e., linear splines, resgtin a flexible model that can handle both linear

and nonlinear behavior.

The main goal of thisAVS activity is to develop an alternative methodology to
improve/refine the curreniil2 and H35 FSC produd in use by implementinghe new
MARS-based approachas well asRandom Forest$§RF) methodology.In the original AS
activity proposal, the RF methodology was mitially considere¢ghowever, due to its recent
successful implementations in the field of &lletier et al. 203,6Timm and McGarigal
2012 Tramontana et al. 201%u et al. 201}, it was alsoincluded as the second machine
learning methodh the analysisThe following items can be enlisted as the maiecives of
this AS activity:



1 to investigate the use of MARS and Riethodsn FSC mapping from AVIRR data,

1 to use Setinel 2 MSldata in generating the reference FSC mapsising Sen2Cor
v2.8 (Mueller-Wilm 2019):

0 We already made a validation study for the assessment of Sentinel 2 binary
snowmapg ener ated by the Sentinel B06s owr
our previous studyPiazzi et al. 201Pand Sentinel 2 binary snow maps were
tested against grourzhsed snow depth measuremeiitse resultsndicated
that binary snow maps obtained by Sen2Cor processor were in good agreement
with in-situ snow depth data with POD = 0.82, FAR = 0.08 and ACC = 0.79.

i to assess and compare the FSC mapping accuradiee dévelopedMARS andRF

models,

1 and finally, to evaluate the applicability of MAR@&nd RF algorithms for an

operational FSC product generation.

2. MATERIALS AND METHOD S

2.1 Satellite Dataand Basic ImagePre-processingSteps

In total, 332Sentinel 2 image®ver Alps, Tatra Mountains and Turkexcquired
betweenNovember 2018 and Apr2019 are used in order to generateribeessary data for
the trainirg of the modelsAn independent test dataset consisting26fSentinel 2 scenes
acquiredbetween November 2018 and April 2019 over Alps, Tatra Mountdiagey,
Greenland and Norwaig reseved for accuracy assessmeftease note thanitially 16 test
images over Alps, Tatra and Turkesreused and their resultgerereported in the interim
report However, in the second phase of the study, 9 &ratiné 2 images over Greenland
and Norwayare added to the initial test dataset, resulting in 25 test scenes.if hetaletails
of the Sentinel 2mages employed ithe training andre testing are given in Tables 2 and 3
respectively.Each Sentinel 2 imagwith scene cloud contaminatidess than 30%was
downloaded from the dedicated web pagdhef United States Geological SurvaySGS

(https://earthexplorer.usgs.gdvLocation of the corresponding Sentinetil2s belonging to

Alps, Tatra Mountains, Turkey, Greenland and Norwane shown inFigures 1-5,

respectively


https://earthexplorer.usgs.gov/

As a first step, reference binary snow maps are obtained at 20 m spatial resolution by
processing of the associated Sentinel 2 images vianSenti 206s own scene
processor Sen2Cor v2.8lass labels used in Sen2Cor are givenabld 4

All Sentinel 2 binary snow maps areprojected to a common GCS_WGS 1984
coordinatesystem in order to match with the projection of toerespondig AVHRR bands
and H35 imagesSince the same algorithm is used in H12 and pi@®luction, H35 product
is employed in the analysis

Table 2 Sentinel 2 tiles used in the training process.

Alps
Sentinel2 Nov Dec Jan Feb Mar Apr Total No.
Tile No 2018 | 2018 | 2019 | 2019 | 2019 | 2019 of Tiles
T31TGK - 2 3 3 2 4 14
T31TGL - 2 1 3 2 2 10
T32TLS - 1 2 3 3 3 12
T32TMS 1 2 2 3 1 1 10
T32TNS - 1 - 1 1 1 4
T32TPS 1 4 4 2 5 1 16
T32TPT 1 1 1 3 3 1 10
T32TQS 1 2 2 3 4 1 13
T32TQT 1 - - 1 - - 2
T33TUM - 3 5 2 - - 10
T33TUN 1 1 - 1 - - 3
Alps Total 6 19 20 25 21 14 104
Tatra
T33UYQ 1 - 1 2 1 2 7
T34TGT 3 - - 2 4 2 11
T34UCU 1 1 2 4 4 5 17
T34UCV 1 - 1 3 2 4 11
T34UDU - 1 2 2 2 3 10
T34UDV 1 - - 3 1 5 10
T34UFV 1 - - 2 1 1 5
T34UGU 3 - - 2 2 3 10
T35TLL 1 2 1 3 5 4 16
T35TLM 2 - - 3 2 2 9
T35TLN 2 - - 2 2 1 7
T35TML - 1 1 1 2 2 7
T35TMM 2 2 - 4 2 2 12
T35ULP 1 - - 2 3 3 9
Tatra Total 19 7 8 35 33 39 141
Turkey
T36SVF 3 5 1 4 4 5 22
T36TWL 4 2 3 2 8 3 22
T37SED 1 - 1 2 2 1 7
T37SFD 3 - 1 2 1 2 9
T37TEE 1 1 - 2 1 1 6
T37TFE 4 2 1 1 - 1 9
T38SKH 2 1 - 2 1 - 6
T38SLH 2 1 1 - 1 1 6
Turkey Total 20 12 8 15 18 14 87
Grand Total 45 38 36 75 72 67 332




Table 3 Sentinel 2 images res&d as independent test dataségpe note that the results of
the first 16 test imageasver Alps, Tatra and Turkey were reported in the interim report).

Alps

Test Image No. Tile No Date
Test1 T31TGK 20 Jan 2019
Test 2 T32TLS 1 Nov 2018
Test 3 T32TLS 21 Mar 2019
Test 4 T32TPS 23 Feb 2019
Test5 T32TPT 18 Dec 208
Test 6 T32TPT 19 Apr 2019
Tatra

Test 7 T34UCU 19 Dec 2018
Test 8 T34UGU 30 Mar 2019
Test9 T35TLL 18 Feb 2019
Test 10 T35TLL 24 Apr 2019
Turkey

Test 11 T36SVF 18 Mar 2019
Test 12 T36TWL 3 Feb 2019
Test 13 T37SFD 9 Nov 2018
Test 14 T37TEE 9 Dec2018
Test 15 T38SKH 20 Jan 2019
Test 16 T38SKH 25 Apr 2019
Greenland

Test 17 T22VEQ 11 Apr 2019
Test 18 T22VER 4 Nov 2018
Test 19 T22VER 15 Feb 2019
Test 20 T23VNG 24 Jan 2019
Test 21 T23VPK 15 Mar 2019
Norway

Test 22 T32VLL 21 Jan 2019
Test 23 T32VLN 10 Mar 2019
Test 24 T32VMP 5 Feb 2019
Test 25 T32VNN 11 Apr 2019




300000 600000 900000 1200000 1500000 1800000

6600000

6300000
6300000

=3
=3
o
=3
=3
=3
©

6000000

5700000
5700000

Alp Tiles
4. T31TGK
:T31TGL
: T32TLS®
: T32TMS
: T32TNS
: T32TPS
= T32TPT
S132TQS
1 T32TQT
10: T33TUM
11: T33TUN

-

5400000
OO WN
5400000

5100000
5100000

300000 600000 900000 1200000 1500000 1800000

Figure 1. Sentinel 2ile locations over Alps

1800000 2100000 2400000 2700000 3000000

Tatra Tiles

1: T33UYQ
2: T34TGT
3: T34UCU
4:T34UCV
5: T34UDU
6: T34UDV
7: T34UFV
8: T34UGU
9: T35TLL
10: T35TLM
115 I35TLN
12: T85TML
13: T35TMM
14:<T35ULP

o
=3
=3
=3
o
~
w

5400000

5100000

1800000 2100000 2400000 2700000 3000000

Figure 2. Sentinel 2 tile locations over Tatra.
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Figure 5. Sentinel 2 tile locations over Norway.

Table 4. Sen2Cor class labels and names.
Class Label | Class Name

No data

Saturated/defective

Dark area

Cloud shadows

Vegetation

Not vegetated

Water

Unclassified

Cloud (medium probability)

Cloud (high probability)

Thin cirrus

Show

e
EB|o|o|~|ojua|s|wnvi-|o

The associated Metop images are selected so thateimgprallyand spatially match
with the corresponding Sentinel 2 images. The Métdpentinel 2 image pairs ¢er 110
individual dates spanning from Nov 2018 to Apr 20I%e Metop B / AVHRR L1B from
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Global Data service (GDSjrereadby using Python Satpy satellite data reader. The Satpy
package is a python library for reading and manipulating meteorologicataesmosing data

and writing it to various image and data file formats. Satpy comes with the ability to make
various RGB composites directly from satellite instrument channel data or higher level
processing output. With the help ofafy, the (DS L1B channks were calibrated
accordingly The L1B products for the AVHRR channels contaitband radiances. By using

the defined scale factors, channel radiarwere converted to the reflectance and brightness
temperature valuesespectively21 Mar 2019 H35 imagand the corresponding RGB image

of Metop pass at 10:10 are showrFigure 6 AVHHR band desigation is given in Table.5

Table 5 AVHRR band.
Band No | Wavelength Interval (Om)

1 0.5830.680
2 0.7251.000
3a 1.5801.640
3b 3.5533.930
4 10.30011.3®M
5 11.50012.500
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Figure 6. The lower image: H3§TSMS mountain producn 21 Mar 2019, anthe upper
image: The corresponding RGBnage of Metop pass at 1M

2.2Production of the Reference FSC Maps

Refeene FSC snow maps are obtained dyeragingthe number of binary snow
pixels insidethe exact foot print of each H35 pixgle., the number obinary snow pixels
divided by the total number of pixels each H35 pixgl Pixelslabeled as loud, water, no
data etc.in the corresponding H35 produate excludedfrom the analysis. An additional
cloud maskobtained from the Sentineb2sceneclassification imageis also appliedbn each
imagein order to discardhe H35 pixels with cloud cover > 10%An example of refemece

FSC map is shown in Figure 3entinel 2derived reference FSC image h&kkm spatial

12



resolution.Figure 8 depicts the calculation of a reference FSC value for an H35 pixel from a

Sentinel 2 binary snow map.

Figure 7. T32TPSAlps - Test image 4 23 Feb 2019a) Sentinel 2 ealcolor RGB image, b)
Sentinel 2 binary snow mgi@now:@ No snowl and c)Sentinel 2derivedreference
FSC map.

H35 image Sentinel 2 binary snow map
H35 pixel Snow
~1 km Il No snow

=

Figure 8. Reference FSC calculatian an H35 pixelfrom Sentinel 2 binary snow mapmy
averaging the number of snow pix€I82TPS Al - Test image 4 23 Feb 2019).

2.3 Training Dataset

All of the available pixels from the training imagé332 in total, cf.Table 3 are
combined in a sifg dataset which isomposed ofl,450,6160bservations and it igsed as
the sampling frameThen, a amplewith size 0f30% from the sampling frame drawn by
stratified random samplindStratification isdone with respect t8entinel 2derivedreference
FSC values between 0.0 and 1.0 within 0.1 intervals in order to prevent the models being
biased towals a certain FSC valudhe number of sampled pixels within each 63C

interval is given in Table.6

13



Table 6. Number of pixels within each 10% FSC range.

FSC No. of Percentage
interval sampled (%)
pixels
0.00.1 258,255 59.3
0.1-0.2 4,589 1.1
0.2-0.3 3,860 0.9
0.30.4 4,110 0.9
0.4-0.5 4,691 1.1
0.50.6 5,780 1.3
0.6-0.7 7,663 1.8
0.7-0.8 11,156 2.6
0.80.9 20,989 4.8
0.91.0 114,092 26.2
Total 435,185 100

Training datafor eachH35 pixel consistsof a reponse variable, i.e., FSC value
deiived from higher resolution Sentinel 2 images, and 7 predictor variables, naopedy;
atmosphereTOA) reflectancevaluesfrom AVHRR bands 1, 23a, 4, 5,NDSI andNDVI.
For AVHRR, NDSI and NDVlare calculatedby using the following equatior($or AVHRR
band designatiqref. Table6):

(Bandl- Band 3

NDSI = )
AR (Bandl+ Band

1)
(Band2- Band)
(Band2+ Band)

NDVI 5 e =

70% of thesampled observations amsed as #ining, 30% as validation datet. The
performance of the moteduring the training stage &valuated by using tH&0% validation
datasetThe independent test datageft Tale 3), which areunseen by the trained models,
enployed to assess the accurdcg., the generalizatioability) of the modelsThe detils of

the training dtaset argyiven in Table 7

Table 7. Training dataset used in building of MARS and RF FSC models.

Totz_al numt_)er of 1,450,616
available pixels

Stratified random sampling
with respect to FS

Sample size 30%

Number of_ 435,185

sampled pixels
70% training set 305,338
30% validation set | 129,847

Sampling Type

14



2.4Machine Learning Algorithms

2.4.1 Multivariate Adaptive Regression Spling4ARS)

In this subsection, the details of MARS algorithm are presented basEdedman
(1991)andHastie et al. (2009)

In MARS, onedimensional piecewise linear basis functions (BFs) are used to define
relationships between a response variable and a set of predictors. The range of each predictor
variable is cut into subsets of the full range by using knots which defmislection point
along the range of a predictor. The slope of the linear segments between each consecutive pair
of knots varies which ensures that the fully fitted function has no breaks or sudden steps.
Selection of BFs is datbased and specific to th@oblem in MARS, which makes it a
powerful adaptive regression procedure, suitable for solving-dilgkensional and complex
problems. The method is nonparametric, since it does not make any specific assumptions on

the relations between the variables.

During the model building, BFs are fitted in such a way that additive and interactive
effects of the predictors are taken into account to determine the response variable.-The one

dimensional truncated piecewise linear BFs of MARS have the following form:

ex-t, if x >¢
(x-7), 3 .
io, otherwise
) . )
er-x If x <t
(x-¢) 3 ,
" {0, otherwise

wheret is a univariate knotX, ¢ | R). These two functions arecalle ir ef | ect ed pa
the symbolo fi+nodi armd e t hat only the positive

respectively, and zero otherwise.

The general model on the relation between the predictor variables and their response is

defined by the followng equation:

Y= f(X) 4 3

whereY is the response variableX :(xl, )(2,...,>g))T is the vector of predictors angl is an

additive stochastic component with zero mean and finite variance. The logic in MARS is to
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generate reflected pairs for each inpdt; (j=1,2,...,p) with p-dimensional knots

Q=0 L., ipz‘)T at or just narby each input data vectods :(X,p X 2001 Xp )T of that

input(i=1,2,.. N).

The set of ddimensional BFs of MARS can be expressed as follows:

C::{(Xj 'f)+, (>§ ')‘ f{bﬁj)& ?6;} i{12. F}} 4)

whereN is the total number of observations,s the dimension of the input space. Here,

f(X) in Equation(3) can be represented as a linear combination, which is successively

constructed by the s€and with the intercept,, and it is of the following form:

Y=b, 4 pB.(X™) + ()

m=1

where B, is a BF or product of two or more BFs from theSgand it is taken from a set of
M linearly independent BFs. Her&™ is a subvector ofX contributing to the functioB,

and b, denotes an unknown coefficient of tiheh BF, or the constant(in=0) . By

multiplying an existing BF with another reflected pair including another variable, a new BF is
generated which represents a certain degree of interaction between different predictor
variables, and both the existing BFs and the newly created BFs are included wdtielm

this way, spline fitting in higher dimensions is achieved, leading to multivariate spline BFs

with the following form:

Bm(xm)::}é(skr (C")(P z‘-%))+, (6)

where the total number of truncated linear functions multiplied imtiheBF is denoted by

Km, X

. indicates the input variable corresponding tokthetruncated linear function in the

mih BF, ,., is the knot location fox,,, and, finally:s, I { 3 .
MARS uses two stages when building up
passo and the fAbackward passo dhmgloosesttiems .
knot and its corresponding pair of BFs that result in the largest decrease in residual error, and
16
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the products satisfying the above mentioned condition are successively added to the model

until a predefined valu®ais reached.

Since thforward pass creates an oMfgrmodel, the backward pass is applied in order
to prevent the model obtained in the forward pass from-fitielg by decreasing the
complexity of the model without degrading the fit to the data. Those BFs which give the
smdlest increase in the residual sum of squares are removed at each step during the backward
pass. Consequently, a predictor variable can be completely excluded from the model unless
any of its BFs has a meaningful contribution to the predictive perfornairthe model. This
iterative procedure continues until an optimal number of effective terms is represented in the

final model.

Among the sequence of models obtained from the above mentioned process, an
estimated best modeIE, with an optimum number of ternas, which gives the best

predictive fit, is chosen through a laokfit (LOF) criterion defined by generalized cross
validation (GCV):

; Ay - By
LOR(E) = GCVia) = oo @

Here,N is the number of sample observatio@Xa) = u+ dK with K representing the

number of knots which are selected in the forward pasg the number of linefr

independent functions in the model, ahdienotes a cost for each BF optimization.

2.4.2 Random Forests (RF

RFintroduced byBreiman (2001)s an ensemble of classification and regression trees
(CARTSs) and fundamentally based tné Br e i ma n 6 §Breimanglg9h RFcanbed e a
employed for either classification or regression tasks, and in both versions, the predictor

variables can be either categorical or continy@usler et al. 201p

The bag functioning principles of RIEan be given as follow@®oulesteix et al. 2012
Cutler et al. 201p
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1 The predictor space is partitioned by the trees using a sequence of binary
partitions (i.e., splits) and the root node of the tree encompasses the whole feature

space.

1 Each tree is a standard CART using a splitting oiteand choose the splitting
predictor from a randomly selected subset of predictors (the subset is different at
each split).

1 Each node goes into a splitting process generating two descendant nodes, one on
the left and one on the right, depending onvhlee of one of the predictors. The
splitting process is ceased at the terminal nodes which decide the final partition of

the predictor space.

1 In order to partition a node into two descendant nodes, every possible split on
each predictor variable is sehed and the best one is chosen according to some
lack-of-fit (LOF) criterion. For a regression case, a split is often decided by the
mean squared residual at the node for whichéy, are the response values:

LOF="4 (y, 3. (®)

nix

wherey; is the estimated value at the node and §heis the mean of estimated

values. For a classification case in whi€hclas | abel s ek Gimit |, i

index is used as the splitting criterion:

LOF=3 FpE ©)

K, Ki

where g, denotes the proportion of theh classobservations given by:

ﬁ:

Sk

a 1y, =). (10

1 Each tree is generated from a bootstrapma drawn with replacement from the
initial data set, and the predictions of all trees are finally combined through

voting.

18



1 Unweighted voting is used to combine the resulting trees if the response is
categorical (i.e., classification), and unweighted agerg is used in case of a

continuous response (i.e., regression).

A significant advantage of RiE theoutof-bag(OOB) error and it is often accepted as
a good estimator of the error expected for unseen data. OOB data refers to the observations
that arenot involved in the construction process of some of the trees and this dataset is used
internally by the algorithm as a validation set during the training process. The corresponding
OOB error of an RF model is simply the mean error frequency calculatet wWwie
observations from the dataset are estimated by using the trees for which they are OOB
(Boulesteix et al. 2002

2.5Performance Measures

Evaluation of MARS and RImodels in both training and testing was accomplished
by employing the following two basic statistical measures: fRoednsquare error (RMSE)

and Parson's correlation coefficieriR), and they are briefly explained in Taldle

Table 8 Statistical performance measures employed in the assessment of MARS and RF FSC
models.

Abbreviation | Measure Explanation Interpretation Formula
i 10 =
RMSE Root mean Square root of the Smaller value is | pbyisg = <& (v, -ﬁ)z
squareerror mean squared error | better. N\
. . . N (= T\
Correlation Linear relation Value closer to _a k:l(yk ) y)( % y)?( N })
R coefficient between observed an one is better R:= 2 2
predicted response ' \/S( y) {8
Note: N, number ofobservations;y,, kth observed response valug, kth predicted (fitted) response valug,
mean of observed response valué; mean of predicted response gy s(y), standard deviation of observg
response valuess( ), standard deviation of predicted response values.

2.61Initial Training of MARS and RF Models as Reported in the Interim Report

MARS model building proedure is simple and straightforward. There are two basic

MARS parameters to control the fAmodel tuni n
parameter i s the fAmaxi mum all owed numbers of
second oneisthE maxi mum all owed degree of i nteract

(max_INT). Increasing max_BFs brings a rise in the amount of flexibilitherefore,
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complexity- of the resulting model, where increasing max_INT provides the ability to model

nonlineaities and statistical dependencies between predictor variables.

Development of MARS modelsas performed with a basic tri@nd-error procedure

to decide the optimal values of these two parameters for each type wigtrsamples. First,

max_INT ok the values from the se{1,2,3, and then the value of max_BFsas

incrementally varied taking within the sg80,100,.. ,50p for each value of max_INT.

The MARS model that gave maximuR on 30% validation data during model

building was chosen for each max_INT. The detailstha initial MARS modelsare

represented iable 9

Table 9. Training performanceof MARS FSC models.

Training (70%) Validation (30%)
max_INT | max_BFs RMSE R RMSE R
1 50 0.1502 0.9403 0.1513 0.9396
2 50 0.1476 0.9424 0.1488 0.9416
3 100 0.1462 0.9435 0.1475 0.9426

RF algorithm uses three basic model tuning parameters which are:

M The number of the trees in the forddfye

{1 The number of predictor variables to be randomly selected at eacliMsplind

1 The minimum number of observations per tree leaf;

My is generally considered as the only parameter to which RFs is somewhat sensitive

(Cutler et al. 201p The universally accepted default values Mk, for classification and
regression in the literature a@ and gp/3 , respectively, wherp is the dimension of the
input parareter space, i.e., total number of predictor variables, @ndndicates the ceiling

operator. However, as shown (D 2 dJdarte and De Andres 20Q6the overfitting effects

due to the choice dffyy on the performance of the method are quite small and negligible.

These default values &y are often employed iRSapplicationgBe | gi u

Houborg and McCabe 20).8

The variance of an RF model decreases with incredsigvalues. A shown in

Breiman (2001) the generalization error of RFs eventually converges to a limNas

and;

20

Dr tgu



increases, which means that large choicedNg@f do not result in overfittingBiau and
Scanet 2016. In RS literature, wide range M. values has been applied, 50 to 5000
(Colditz 2015 Guan et al2013 Houborg and McCabe 201Blitze et al. 2015Pelletier et al.
20169; however, Ngee = 500 isaccepted as a reasonable choice since the stability in the

generalization error is often realized before reaching this Yahwrence et al. 2006

In this study, the default values bk, andLsi,e for regression were usels,e was
taken as 5Myy was set to 3incethe modelsveretrained by usig 7 predictor variables (i.e.,
AVHRR bands 1, 2, 3a, 4, BIDSI andNDVI). The Nyectook values betweep00 and 2000
with 200incrementsThe RF model with the be& value on 30% validation dataset during
model building was chosen and applied on the peddent test dataseThe training
performance of the initidRF FSC model is given ifiable 10

Table 10 Training performance of RF FSC model

N Training (70%) Validation (30%)
ree RMSE R RMSE R

1200 0.0938 | 0.9774 | 0.1401 | 0.9484

2.7The Final MARS Model

It is decided to continue witMARS modelling approach for further model refinement
and optimization purposes towards a potential operational product generation dtre to
following basic facts

i Theinitial model assessment metrics on the test dataseabedihathe MARS
and RFmodelsperform almosequally.

1 RF models are generated under Matf@he finalRF model(cf. Table 10 has a
closed form which directly imposes that tREC estimation on the new dataset
has to be rununder Matlabh. On the other had, MARS outputis a simple
regressiorlike equation which can be easily implemented in any programming

environment.

1 The required processing time for the estimation of FSC vate§ modelunder
Matlab is far beyond the acceptable limits Borpotentialoperational product

generation.
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The MARS model is further simplified by reducing the number of BEs 10 by
keeping the degree of interaction among the predictor variablési.e., additive modeThis
simplification is strictlyneededto constrain therocessingtime of the new FSC product
within required durationThe training performance of the final MARS model is given in
Table 11

Table 11 Training performance of the final MARS FSC model.

Training (70%) Validation (30%)
max_INT | max_BFs RMSE R RVISE R
1 10 0.1630 0.9285 0.1648 0.9279
3. RESULTS

3.1Initial MARS and RF FSC Models on the Independent Test Dataset

Theresults obtained from the assessmernhial MARS and RF FSC models on the
independent test datasetluding the first 16 test scenesen Alps Tatra and Turkey (cf.
Table 3, as reported in the interim repogre given inTable 12 Since the MARS models
with max_INT = 1, 2 and 3 exhibit almost the same performance on all test images, only the
statistical metrics of the MARS model witham INT = 1 and max_BF = 5@f. Table 9 are

introduced.

22



Table 12 Performance metrics ofhitial MARS and RF FSC modetsgether with H3%0n
the independent test dataset (Pleasie that H35 on Test 5 gives NaN Rrsince all H35
pixels are qual to Q.

MARS

RF
Test Set QZi:'E?'FT: 510 Nyee = 1200 H35

RMSE| R | RMSE| R | RMSE| R

Test1 | 03578 | 0.4238 | 0.3378 | 0.4128 | 0.3363 | 0.5866

Test2 | 0.2428 | 0.8103 | 0.2399 | 0.8085 | 0.3567 | 0.1489

o [Test3 |0.2474 | 0.8289 | 0.2449 | 0.8279 | 0.2887 | 0.7190

< [Tes4 [02890 | 0.6658 | 0.2834 | 0.6733 | 0.4755 | 0.6538
Test5 | 0.3384 | 0.2967 | 0.3339 | 0.3246 | 0.4311 | NaN

Test6 | 0.2162 | 0.8492 | 0.2101 | 0.8623 | 0.4154 | 0.7685

Test7 | 0.2832 | 0.6781 | 0.3079 | 0.4788 | 0.0827 | 0.1813

© [Test8 |0.1000 | 0.8180 | 0.1711 | 0.8411 | 0.2495 | 0.7814

% [Testo |0.2618 | 0.7800 | 0.2550 | 0.7617 | 0.5823 | 0.3577

Test 10 | 0.1513 | 0.7811 | 0.1359 | 0.8253 | 0.1532 | 0.8549

Test 11 | 0.1383 | 0.9378 | 0.1336 | 0.9427 | 0.4759 | 0.9088

_ [Test12 [0.1992 | 0.7964 | 0.1813 | 0.8189 | 0.3080 | 0.8704

& [Test13 | 0.1482 | 0.8705 | 0.1522 | 0.8620 | 0.3471 | 05413

S [Test14 | 03206 | 0.6208 | 03397 | 05919 | 0.2940 | 0.4501

Test 15 | 0.1946 | 0.8988 | 0.1991 | 0.8851 | 0.2787 | 0.6289

Test 16 | 0.2553 | 0.8075 | 0.2555 | 0.8088 | 0.3577 | 0.7500

Low RMSE and relatively higR values indicate thahe MARS and RFderived FSC

maps are in god agreemenith Sentinel 2based reference datéhe scatteiplots of the

generated MARS and RF FSC models versus reference Sentiegv2dFSC value®on the

16 independent test imagés Alps, Tatra and Turkey are shown in Figu&slO and 11

regectively. In thesescatter plotdiagrams the mean value of the FSC estimated by the

corresponding model within each incremental 10% FSC rengktted against thenean of

Sentinel 2based referare FSC within that0% FSC range.

As an overall conclusn drawn from the scatter plotd initial MARS and RF FSC

models overestimate the FSC ranges fl@at to 0.6 andii) a slight underestimation takes

place in generalfor FSC ranges betweén7 and 1.0.

In Alps Test 1 and Test 6 images, relatively éo\R values are obtained.e.,0.413

and 0.325, respectivelyDur visualanalysis revealthat the reasorfor these lowR values is

due to the underestimation of snow cover indbgespondingentinel 2scene classification

images.
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Figure 11 Scatter plots on the independent test iesafpr Turkey: a) Test 11, b) Test 12, c)

Test 13, d) Test 14, e) Test 15 and f) Test 16 (Please note that the red dots indicate the mean
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the corresponding standarceviations with respect to Sentinetd2rived reference FSC
values).
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The BFs and their coefficients of the initedditive MARS model with 50 BFs in the

forward pass is given in Tabl&.1

Table 13. BFs and their associated coefficients in the addiMMA&RS FSC model. The
max_BFs in the forward pass is set as 50 and after the backward pass the remaining number
of terms in the final model is 28 including the intercept (h denotes MARS hinge function, cf.

Equation 2).
BFs Coefficient
Intercept -7.6720
h(Band_110.03) -0.0282
h(19.32Band_1) -0.0525
h(Band_119.32) 0.0544
h(Band_147.11) -0.0054
h(Band_25.01) -0.0636
h(11.6Band_2) -0.0596
h(Band_211.6) 0.0573
h(Band_221.18) -0.0112
h(Band_231.68) -0.0026
h(Band_3&0.58) 0.4118
h(17.4Band_3a) 0.4284
h(Band_3al7.4) -0.4282
h(Band_4255.06) -0.0260
h(Band_4279.94) 0.0055
h(Band_4286.9) 0.0019
h(Band_5219.19) 0.0356
h(265.54Band_5) 0.0086
h(Band_5265.54) -0.0158
h(NDSI+0.140413) 1.2999
h(NDSI-0.248623) -0.5772
h(NDSI-0.474725) -0.8923
h(0.617874NDSI) 0.4572
h(NDSI-0.617874) -0.3463
h(NDVI+0.10263) 1.4271
h(NDVI-0.00170675) -0.6935
h(NDVI-0.03108) -1.4715
h(NDVI-0.180133) 0.9159

MARS and RF FSC maps of Adgestimages2 and 3; Tatraestimages7 and 9
Turkeytestimagesl2 and16 are shown in Figures 177, resgectively. These images reveal
that the MARS and RF FSC models aighly capableto capture the spatiglattern andhe

variability of the snow cover.
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'FSC OO ommm—"O . aa ,
Figure 10. Alps Testimage2: a) MetopRGB image (R: Band 3a, G: Band 2, B: Bandh),
Metop RGBimage of the test area) Sentinel Zerived reference FSC magh), MARS FSC
image, and elRF FSC image.

Figure 11 Alps Test Image 3a) Metop RGB image (R Band 3a, G: Band 2, B: Band 1), b)
Metop RGB image of the test area, c) Sentindefved réerence FSC map, d) MARS FSC
image, and e) RF FSC image.

28



FSC 00— ' 0
Figure 12 Tatra Test Image:7) Metop RGB image (R: Band 3a, G: Band 2, B: Band 1), b)
Metop RGB image of the test area, c) SentindeBved reference FSC map, d) MARS FSC
image, and e) RF$C image.

FSC %0 m— ' 0
Figure 13 Tatra Test Image 1@&) Metop RGB image (R: Band 3a, G: Band 2, B: Band 1), b)

Metop RGB image of the test area, c) Sentindefived reference FSC map, d) MARS FSC
image, and e) RF FSC image.
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FSC %0 mu— 0 g, o WA . -

Figure 14. TurkeyTest Imagel2: a) Metop RGB image (R: Band 3a, G: Band 2, B: Band 1),
b) Metop RGB image of the test area, c) Sentindeved reference FSC mdplease note
thatthe Sentinel 2Ztile has no data in the left side of theeng, d) MARS FSC image, and e)

RF FSC image.

L

T s
Figure 15. Turkey Test Imagéd6: a) Metop RGB image (R: Band 3a, G: Band 2, B: Band 1),
b) Metop RGB image of the test area, ¢) Sentindefived reference FSC map, d) MARS
FSC image, and e) RF FSC image.

3.2Final MARS Model on the Independent Test Dataet

The performance of thdinal MARS model(max_BFs = 10 and max_INT = 13
evaluated on 25 test sceraexl the results are givenTiable 4.
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Table 14. Performance metrics of the final MARS model together with H35 on the
independent test dataset @enote thafTest 5and Test 20 on H3§ives NaN forR since all
availableH35 pixels are equal to. Additionally, Test 18 and Test 24 give NaN for Both
RMSE andR since there is no availabi35 pixe).

MARS
Test Set mgi_g\lFT—_llo H35
RMSE R RMSE R
Test 1 0.3420 | 0.4107 | 0.3363 | 0.5866
Test 2 0.2278 | 0.8144 | 0.3567 | 0.1489
B | Test3 0.2480 | 0.8488 | 0.2887 | 0.7190
< | Test4 0.2913 | 0.6539 | 0.4755 | 0.6538
Test 5 0.3441 | 0.3249 | 0.4311 NaN
Test 6 0.2149 | 0.8679 | 0.4154 | 0.7685
Test 7 0.3189 | 0.6320 | 0.0827 | 0.1813
g Test 8 0.1887 | 0.8282 | 0.2495 | 0.7814
f_‘s Test 9 0.2624 | 0.7656 | 0.5823 | 0.3577
Test 10 0.1922 | 0.5900 | 0.1532 | 0.8549
Test 11 0.1351 | 0.9408 | 0.4759 | 0.9088
- Test 12 0.1981 | 0.7927 | 0.3080 | 0.8704
L | Test13 0.1329 | 0.8875 | 0.3471 | 0.5413
E Test14 0.2854 | 0.6663 | 0.2940 | 0.4501
Test 15 0.1737 | 0.9136 | 0.2787 | 0.6289
Test 16 0.2558 | 0.8051 | 0.3577 | 0.7500
- Test 17 0.1571 | 0.8082 | 0.7131 | 0.3206
S Test 18 0.3395 | 0.5575 NaN NaN
g Test 19 0.3163 | 0.3141 | 0.5390 | 0.5008
o Test 20 0.3029 | 0.4238 | 0.5081 NaN
O Test 21 0.1634 | 0.6161 | 0.7667 | 0.0772
- Test 22 0.2021 | 0.5595 | 0.5975 | 0.1466
g Test 23 0.1733 | 0.8089 | 0.5580 | 0.3957
o Test 24 0.2951 | 0.5267 NaN NaN
< Test 25 0.1641 | 0.6518 | 0.7903 | 0.3416

The corresponding scatter plots of the final MARS mddelAlps, Tatra, Turkey,
Greenland and Norwawgre presented in Figures -26, respectivelyln these scatter plot
diagrams, the mean value of the FSC estimated by the corresponding model within each
incremental 10% FSC range is plotted against the mean oh&8eRthased reference FSC
within that 10% FSC range.
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Figure 16. Scatter plots on the independent test images for Alps: a) Test 1, b) Test 2, ¢) Test
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Figure 20. Scatter plots on the indepdent test images for Norwag) Test 22, b) Test 23)
Test24 andd) Test 5 (Please note that the red dots indicate the mean estimated FSC by the
model within each 10% FSC range and the verticalrdsess indicate the corresponding
standard deviations with respect to SentindeBved reference FSC values).

The final MARS model 6s BFs with the correspo

Table 15.BFs and their associated coefficients in tmalfadditive MARS FSC model. The
max_BFs in the forward pass is set as 10 and after the backward pass the remaining number
of terms in the final modeés$ 8 including the intercepfiio denotes MARS hinge function, cf.

Equation 2).

BFs Coefficient
Intercept 0.108
h(19.32- Band_1) 0.0296
h(Band_1- 19.32) 0.0047
h(17.4- Band_3a) 0.0098
h(Band_3a 17.4) 0.0201
h(NDSI+ 0.229783) 0.8436
h(0.617874 NDSI) 0.2590
h(NDSI- 0.617874) -1.4265

It is of value to mention groblem enounteredregarding tke Sen2Cor scene
processing softwarduring the analysisOn some of test scenes, it is obsertret Sen2Cor
underestimatethe snow coverby misclassifying snow on the shady parts of the slopes as
waterwhich leads tdower R values @ the test image datasdio give a specific example

close up spatial subsain Testscenes 1, 5, 19 and 24re given in Figure21-24.
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Figure 21 20 Jan2019Test 1 scene cloagp spatial subsection(&lps) a) Sentinel 2 RGB
image b) Sen2Cor classified image,ajginal H35 image and d) MARBased H35 image.
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Figure 22 18 Dec 2018 Tedh scene clos@p spatial subsectior(glps) a) Sentinel 2 RGB
image, b) Sen2Cor classified image, c) original H35 imagethis spatial subset no data
come from H3%and d) MARS-based H35 image.
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Figure 23 15 Feb 2019 Teslt9 scene closep spatial subsectior{§&reenlandyr) Sentinel 2
RGB image, b) Sen2Cor classified image, c) original H35 image (In this spatial subset no data
come from H35) and d) MARSBased H35 image.
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Figure 24. 5 Feb 2019 TesP4 scene closelp spatial subsection®orway) a) Sentinel 2

RGB image, b) Sen2Cor classified image, c) original H35 image (In this spatial subset no data
come from H35) and d) MARBased H35 image.
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3.3Flowchart of MARS-basedH35 Product for the Mountainous Areas

The flowchart of thgoproposed MARS FSC modelling approach for the mouootzs

parts is shown ifrigure 5.

Retrieve GDS Level b
METOPB AVHHR Data

Calibration
s
Brightness calibration YES— brightness —NO Reflectance Calioration
temperature ?

Clioping
Northem Hemisphere

Calculate NDSI

Calculate
Channel 3 and 1 ratio Calculate Sun Angles

Retrieve Snow

YES: Apply MARS Solution

Fractional Snow Cover No Class / Land Sea Mask /

(0.4 < ch31_afio < 1.6) AND
15)) OR
ch_5)>1
5)

MERGE

—

(ndsi <0.1)OR
(ch_4 > 280) OR
(ch_4-ch5<0.15)

Figure 25 MARS-based H35 processing flowchart.
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According to the procesfowchart, theAVHRR bands areead afterthe necessary
brightness and reflectance calibration process. Sun arfglenation is additionally derived
in order to attain nalass value to pixels for which trsensorviewing conditions are too
challenging, i.e.sun angle> 80 degrees If it is decided that a pixel contains snow cover,
thenthe final MARS model is employed testimate the FSC value of that pix€ince the
cloud and the land pixels are decided all layers, including theskeadnask, are merged to
obtain the final FSC pragtt. The whole process chain to generate a MARSed H35
product takes 4@5 minutes on average, whiameets with the requirements specified on the
associatedTBD.

3.4Visual Comparison: MARS-Based H35versusMODIS MOD09GA

In order to analyze the spatial c@tency of the FSC predionh by the final MARS
model,H35 andMODIS MODO09GA (Vermote et al. 200)False color RGB composiienage
pairs are comparedfor several dates as shown in Figu26-32. In MODO9GA false color
images the following band combination is used: R = band 6, Gand 2 and B hand4. In
this band combination, ice and snow appear as bright blue; whereas, water bodies are near

black. Saturated soil can be seen also in blue, and clouds are still white.
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Figure 26. 4 Feb 2019:a) MARS-based H35 b) MOD0O9GA False RGBc) H35 vs
MODO9GA over Alps and d) H36s. MODO9GA over Turkey.
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