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Issue  Changes Date
1.0 First issue 21/01/2025
1.1 Updated based on RIDs 21/02/2025

Detailed Change Record

Issue RID Description of discrepancy Sections

1 ESA01 | GlobCover Land Cover map 300m 2019, to which r Table 5, The reference to
are you referring to? GlobCover or C3S MRLC 201 Table 6, | the 'GlobCover
Table 7 Land Cover map
2 ESAD2 | GlobCover validation points are from 2008, this 3.21.1 300m 2019'is
dataset has been updated to 20197 and incorrect. The
3.2.1.2.1 | validation dataset
was extracted from
the CCl Medium
Resolution Land
Cover (MRLC) Map
300m 2019. Tables
and text in the
document have
been updated

accordingly.

3 ESAD3 | Please remove the space from the link after Reference The document is
"download/" [11] updated
http://maps.elie.ucl.ac.be/CCl/viewer/download/ES accordingly.
CCILGPh2PUGV2_2.0.pdf

4 ESA04 | For the comparison maybe it is better to use the Fig. 37 The document is
same scale for the values on the Y axis for both, th and 38 updated
weekly andmonthly plots accordingly.

5 ESAD5 | Did you investigate the moisture index? NDMI = (N 3.4.2 We will consider
¢ SWIR) / (NIR + SWIR). Maybe it could provide sa NDMI for the
additional information on the LC following

experiments.
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1 Introduction

1.1 Executive summary

By the end of the first year, the EOS team conducted extensive comparative testing and performance analyses
to evaluate the effectiveness of different algorithms for specific components of the processing chain designed to
produce highresolution land cover(HR LC) productsThe results of these experiments, along with
recommendations for the begterforming techniques, are detailed gection3. The analysis is ongoing, as the
team continues to assess various approaches to select the final algorithms that will ensure optimal performance
for both static and historical land cover (LC) and land cover change (LCC) products.

1.2 Purpose and scope

The Product Validation and Algorithm Selection Report (PVASR) providesdapthinoverview of the
comparative tasks conducted to assess the fmsforming algorithms and techniques for inclusion in the
classification blocks of the overall processing gh@ihe current version presents the activities carried out during
the first year, with a particular focus on the classification of optical and SAR imegeision fusiorand change
detection Key areas of emphasis include:
1. Testing optical prgrocessing and evaluating its performance in termsac€uracy, computational
efficiencyand composite quality.
2. Testing classifiers and evaluating their performance in terms of accuracy, computational efficiency, and
adaptability for model/code modifications to meet specific requirements and implementation needs.
3. Exploring methods for creating reliable training datasets from existing products, which may be sub

optimal in terms of spatial resolution (coarse to medium) and legend detail (less comprehensive
compared to HR LC products as outlined in the ATBD).

4. Assessing sets of multitemporal features used as inputs for classifiers.
Evaluating multisensory decision fusion methods in terms of both accuracy and computational time.

Bvaluating optical composite generation to enhance detection accuracy and analyzing different feature
spaces to ensure reliable change detectinaps

1.3 Applicable documents

Ref.  Title, Issue/Rev, Date, ID

[AD1] CCIHR Technical Propgsiaase 1

[AD2] CCI HR Technical Propgshaase 2

[AD3] CCI Extension (CCIl+) PhagdNkew ECVg Statement of Work, v1.3, 22/08/2017, EESIPRGMEOPS
SW17-0032

[AD4] CCI_HRLC_PRBZ.1 URD, latest version

[AD5] CCI_HRLC_RBR.2_ATDB, latest version

[AD6] CCI_HRLC_RPR22 ATDB, latestersion

1.4 Reference documents
Ref.  Title, Issue/Rev, Date, ID
[RD1] The Global Climate Observing System: Implementation Needs, 01/10/201&ABCO

1.5 Acronyms and abbreviations

3DFCN 3-Dimensionat Fully Convolutional Network
AC Atmospheric Correction
ATBD Algorithm Theoretical Basis Document

BSI Bare Soil Index
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CCl+ Climate Change Initiative Extension
dB Decibel
DEM Digital Elevation Model
DL Deep Learning
ER Ecoregion
GEE Google Earth Engine
GRD Ground Range Detected
HR High Resolution
HRLC10 CCI High Resolution Land Cover Map at 10m resolution of 2019
HRLC30 CCI High Resolution Land Cover Map at 30m resolution from 1990 onwards every 5 years

HRLCC30 CCI High Resolution Land Cover Change Map at 30m resolution from 1990 onwards
Iw Interferometric Wide Swath

L-5/7/8/9 Landsat5/7/8/9

LC Land Cover

LCC Land Cover Change

MOLCA Map Of LC Agreement

MRLC Medium Resolution Land Cover
NDVI Normalized Difference Vegetation Index
NDWI Normalized Difference Water Index
OA OverallAccuracy

PA Producer Accuracy

PCC Post Classification Comparison

RF Random Forest

S1/2 Sentineil/2

SAR Synthetic Aperture Radar

SCL Sen2Cor Scene Classification Layer
SITS Satellite Image Time Series

SNAP Sentinel Application Platform

SR Surface Reflectance

UEXT Urban EXTent

VH VerticatHorizontal polarization

\AY) VerticalVertical polarization
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2 Selection procedure

The overall procedure for the selection of bes&trforming algorithms and methods is performed according to a
three-step procedure. The algorithms presented in the Technical PropfsBll][AD2] and ATBOADG6]are
considered for the comparisons together with a set of proposed solutions for each task such as generating
training samples and building multitemporal features. The evaluasiglection procedure is devised in such a
way that the selected algorithms/tniques are the most suitable to satisfy project requirements.
The three steps of the procedure are the following
1 Step 1: Qualitative prescreening of algorithms
A prescreening of the algorithms and methods from a Staft¢he-art pool of competitors is carried out in
order to identify the most relevant methodologies with respect to the project objectives. This preliminary
analysis is driven by the selection critedescribed in Sectio®.1. In this first step, a higkevel qualitative
evaluation of these criteria is conducted in order to identify techniques that clearly cannot reach a
satisfactory ranking on several categories of parameters. These techniques are discarded and not considered
in the next steps. Algorithms and methods that passed thegmreening are reported in the Technical
ProposalAD2]and more in detail in the ATBBD6] In this report only the methods that passed the pre
screening are considered explicitly

1 Step 2: Quantitative evaluation of algorithms
Algorithms that pass the precreening in step 1 are analyzed in greater detail with a quantitative evaluation.

This analysis is based on different parameters, ranging from a scientific and technical analysis to possible
impacts on the application and usetor each investigated item (algorithm, method, technique, etc.) details

on the quantitative evaluation of the comparison activities can be found in a dedicated section of this
document

I Step 3: Final decision
According to the analysis carried out for each individual comparison tdisigl alecisionis taken according

to the best performer and its relevance with respect to project objectives. Final decision is reported.
It is worth noting that the prgrocessing algorithms are not included in the evaluation and ranking procedure
because we expect to import in the project basic-precessing chains already developed for both multispectral
and SAR data

2.1 Criteria

In this section the criteria adopted for evaluating the relevance of methods and algorithms with respect to project
requirements are listed. Up to seven categories of parameters are considered divided in different issues.

1. Scientific Background and Technical Soundnes3he scientific validity of the algorithms and of the
methodologies on which the algorithms are based is considered as an important parameter. The rationale is
that selected algorithms should be based on a solid theoretical background that guarantestiracy of
its results also at an operational lev&éhe guidelines for rating are as follows:

o The methodology is solid;

The methodology is technical convincing;

The methodology is at the statef-the-art;

The methodology is published in high quality journals;

The methodology is included in several other scientific publications or project technical reports.

o O o o

2. Robustness and Generality In order to obtain a reasonable estimation for the robustness and generality
of the investigated algorithms, different parameters are considered, such as:
o The method is suitable to be used with different kinds of images @2Landsat, SAR, etc.);
o The method shows high performance on different images (Sentinel, Landsat, etc.) and over the three
test areas as described in URD4}
o There are software implementations or examples for the implementation available;
o The algorithm can be used in combination with othegthodologies.
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Novelty ¢ An appropriate candidate algorithm should have been published or reported for the first time
relatively recently in the literature. It is not required that algorithms are completely innovative; the novelty
may consist in both combining well establishradthodologies or applying welkinown techniques in a novel

way. As a main guideline, a tested method should be already applied in literature to solve existing problems.

Operational Requirementg The expected operational requirements (in terms of computational complexity,
time effort, cost, etc.) for the final implementation of an algorithm/technique are evaluated. Although no
actual constraints are fixed on the algorithm computational compyexithe most optimized
implementations available in literature are preferrgdther crucial aspects are:

o0 The algorithm is prone to architectural modifications;

0 The processing time scaling is likely to be linear with image size;

o0 The hardware and disktorage requirements are appropriate.
Algorithm/method consistency with project requirements is also extremely relevant, following guidelines
from GCO$RD1]Jand SoWAD3JAD3]:

o Algorithms and methodologies must be effective for high resolution images (e.g., optical dat8@in).0

o Documented accuracy must be within the boundaries imposed by GCORP¥geand as reported in

SoW[AD3]

Accuracyg An algorithm is positively evaluated if able to provide a high absolute accuracy in all test areas,
especially keeping into account the different climatological conditions and possibly different data availability
conditions. Accordingly, the followingiiglelines are used for evaluating accuracy characteristics:

o Accuracy/uncertainty to be in line with GC[B®1]requirements as reported in So&D3]

o The algorithm matches the engaser (climatologist and other users from the community) requirements;

o For unsupervised tasks the accuracy should not depend on the availability/quality of prior information.

o For supervised tasks the accuracy should be robust to the availability/quality of prior information.

Level of Automationg From an operational point of view, it is mandatory that an algorithm runs in a
completely automatic way. Algorithms requiring any amount of manual work, strong interaction with the
final users are negatively evaluated.

Specific Endusers Requirementg From an operational point of view, capability of an algorithm to satisfy
and meet possible endser requirements is another important parameter of evaluatidrhe main
guidelines for driving this ranking are:

o The algorithm is robust to the use in several climatological regions;

o The algorithm can be reasonably included in an operational procedure.

2.2 Evaluation

The evaluation procedure of each comparative task aimed at deciding on a specific algorithm/technique is carried
out by considering all criteria listed before. To each reported activity, a thorough discussion is given regarding
how these criteria are weidbd in the overall evaluation, which aspects are given strong emphasis and which
ones are considered less relevant. The evaluation activity provides answers about best performing
algorithms/techniques that are included in the processing chain of the cuuension of HR LC products.

3 Algorithms and procedures (year 1)

3.1 Optical data processing

The optical processing chain is designed to primarily work with images at 10/30m resolution, producing outputs
at the same resolution. It leverages multitemporal, multispectral data from recent years, incl8dmgei2

(S2 and Landsa8/9 (L-8/9), alongside legacy data from Land&#f/8 (L-5/7/8). The preprocessing
methodology follows the same logical framework as Phase 1, with planned adjustments aimed at enhancing both
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the quality of the output (e.g., optical composites) and the computational efficiency of the process.

In the classification stage, Phase 1 faced challenges inclu@itignited availability of photenterpreted data
suitable for mapping large area6i) @nstraints related to input featuresand (iii) he need to optimize the
classification algorithm for efficiencfPhase 2 focuses on refining the classification pipeline to address these
challenges.

The preprocessing phase addresses radiometric and geometric distortions specific to sensors and platforms, as
well as harmonization tasks. Radiometric corrections are applied to mitigate issues such as variations in
illumination, viewing geometry, atmosphic conditions, and sens@pecific noise or response variations. These
factors depend on the sensor, platform, and acquisition conditions. A major challenge with optical imagery is
cloud coverage, which requires targeted processing to accurately ideritfyd and cloud shadow pixels,
potentially incorporating restoration techniques to recover spectral information for occluded aFégistel

shows the main blocks of the optical ppeocessing chain.

Cloud/Shadow
Detection

e

Spectral filtering

AT
Seasonal/Annual
Composites

Optical
Composites

Cloud/Shadow
Restoration

Landsat-5/7/8/9
Figurel. Optical preprocessing chain.

Figure2 illustrates the optical data processing chain used to produce both static and historicalesiglation
land cover (HRLC) maps. The workflow involvesppoeessing the images to create optical composites,
integrating these with ancillary data (e.g., @opicus Digital Elevation Model [DEM]) to extract features for
classification. The classifiers are trained on available training data points and subsequently generatéspixel
classposterior probabilities. These probabilities feed into the decisionofugirocessing chain, resulting in the
final land cover products.

COP
DEM

A

p
Optical Feature Optical
Pr-erocess|ng Extraction Classificlatio

A

Optical
Sentiigel Cl a
_ pPoster
LandSs$%a/t7/8/9 Trainin|g probabili
databasg

Figure 2. Optical data processing chain for therototype production of both the static and the historical HRLC maps
obtained by classifying the time series of HR optical data.

The following sections provid@e results of the activities on the optical processing chain during year 1 of the
project. The results here presented are focused on three main activities
1. Cloud detection: alidationof the S2Sen2Cor Scene Classification Layer (Sl6uyl and Cloud shadow
maskenhancement;
2. Composite generatiarcodeoptimizationand alternative compositing strategies
3. Optical classification: rpliminary evaluation of deep learningrchitectures for HRLC mapping with
optical Satellite Image Time Series (SITS).

3.1.1 Cloud and Cloud shadow Detection

Theimprovements foreseen for the prprocessing chain of optical data requiveth quality and speed in the
computation. This lastequirementis essentialfor reducing costs and production times, especialtiyisidering
the scaling of the production to large are&r this reason, during PhaseSyrface Reflectance (Sftbducts
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were not generated as part of the processing chain, and instead they vetaéned from the providers, thus
relying on the providersAtmospheric Correction (A@)gorithms.This allowed both to use consolidated AC
strategies and to save processing time. On top of thktd detection is often coupled witACduring the
generation ofSRproducts. Therefore, cloudsand cloud shadows masks atesuallyprovidedalongsidethe SR
products.The availability of precomputed cloud and cloud shadows miamans that we have the possibility of
saving computation time by utilizing the available masks. During Phase 1, Frhelslud and cloud shadows
masks, provided with th&R Landsat producthave shown to be effective in the cloud detection in Landsat
imagerywith satisfying performance levelaD5] Thereforejt has been used famasking clouds in thkistorical
processing chain for HRLC30 produ@s. the other hand, Sen2Cbas shown some limitations in thedoud
detection capabilities wittf82SR productsluring Phase .ITherefore, we developed a cloud and cloud shadow
enhancement moduleThis approach is being-+valuated in Phase 2pnsideringhe recent improvements in
the Sen2Cor cloud detection module. Indetttk new Collectiorl of reprocessed2products(the data that will
be used in the Phaség thade available by ESA consider also upgraded cloud detection strategidsvifraige
the parallax effect 062MSI sensors.
Therefore,we are considering hether to use the newCollection 1 maskas they are owhether to apply the
Phase Xloud enhancemeniodule to them. The selection willeigh the performance improvements against
the necessity of additional processing timvehich wouldundermine the production time for HRLC10 products.
Indeed, the cloud and cloud shadow enhancement modatglire the computation of a seasonal background
image, used tdetter discriminate clear sky observations from clou@Bis means that the cloud detection of
each acquisition relies on the time series of observations of the current season, shadmputationally
expensive (similar to the composite generatiofiperefore, this increase in computation time requiras
sufficient improvement in cloud detection performantebe acceptable.
In this analysis, & comparethe recentSen2Cor and the Ph1l Cloud Enhancement modalag the multi
temporal global benchmark datas@oudSENZ2[2], [3], for cloud and cloud shadow detection wi82 This
dataset provides 49,2582image patches (IPs) with different annotation types: (i) 10,000 IPs withdhiglity
pixeHevel annotation, (ii) 10,000 IPs with scribble annotation, and (iii) 29,250 unlabelled IPs. The labelling phase
was conducted by 14 domain experts using a supetviactive learning system. A rigorous fetep quality
control was designed to guarantee high quality in the manual annotation phase. Further@oreJSEN12+
ensures that for the same geographical location, users caaiobhultiple IPs with different cloud coverage:
cloudfree (0%), almostlear (25%), lowcloudy (2545%), midcloudy (4%65%), and cloudy (>65%), which
ensures scene variability in the temporal domain. Theref@eudSEN12provides a reliable benchmark for
precisely evaluating different cloud detection algorithnisor this experiment, we considesnly IPs of
¢ 1Tt Tt mpikelsfor which high qualityannotations are available. Each piselabelledl & &/ £ S NE X & ¢ |
/| £ 2dREXY [/ f 2dzRé T 2TNG niaih fifedaive HetiGdemRtBick &ndt thin clouds is that thouds
are semitransparent, while thick clouds are opagaed highly reflective in the visibmands| 2 4 SOSNE 6S R2Yy
make a difference between thick and thin clouds, thus theyrae¥ged ino i KS &l YS Oflaa a/ f 2c
analysisWhile CloudSEN12+ is a very large dataset, itsdoet contain all the adjacent acquisitions edch
labelled scenemaking it difficult to use with the Phase 1 Sen2Cor enhancement module, which requires the
computation of a seasonal background by aggregating allattipuisition of the same season as the target
acquisition.Therefore, we selected a subset of CloudSEN12+. Specifically, we sdieete82tiles for which
we have multiplesRs during the sae seasorand a fair representation of each class:

1 18NWLwith 4 IPs in WinteR019;

1 21HUA with3 IPs irSpring 2019

1 36SWH with 4 IPs Winter 2017
For each bthese tiles, we collected all th82L2A acquisitions of the corresponding season, and computed the
enhanced maskgrigure3 shows thevisual comparison of theloud and cloud shadow masks obtained by
Sen2Cor and thenhancement moduleFrom the imagest is clear that Sen2Cawverestimates cloudsandthe
enhancement moduldurther accentuates thiphenomenon.The quantitative resultén Tablel confirm the
observations reporting the Use@a | OOdzNF O& 6! ! 00X t NB RdzOS Hgaiast theO OdzNI O@&
CloudSEN12subset. Indeed, theenhancement moduleeduces the omission errors at the cost of highly
increasing the commission errocf the Cloud category over the Cleeategory. Cloud shadow performance
remainunchanged.
Given the limited improvements provided by the enhancement module applied to the new Sen2Cor masks, the
decision is to remove the enhancement step from the processing chain, reducing the overall computation time.
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Figure3. Comparison of the expert annotation with the Sen2Cor aRti1 Improved Sen2Cor cloud and cloud
shadow masks(black = cleargray = cloudwhite = cloud shadow

Tablel Quantitative accuracy metricérom the benchmark analysis on the CloudSEN12+ dataset.

Sen2Cor Ph1 Sen2Cor Enhancement
UA PA F1 UA PA F1
Clear 0.91 0.85 0.88 0.86 0.44 0.58
Cloud 0.68 0.84 0.75 0.38 0.85 052
Cloud Shadow 0.91 0.75 0.82 0.91 0.75 0.82

3.1.2 Composite Generation

The composite generation is thmost expensive step in the optical ppeocessing chairnlThe activities of the

first year focused on th@nprovement of the processing time whilaaintainingor improvingthe composite
quality. During Phase 1, optical composite@ere generated by singa processor written in Python, usi@gDAL,
numpy and basienultiprocessing capabilities. The approach is here compared to two different alternatives:
FORCE andhamproved Python processor adoptimgore advanced libraries such as xarray and dask.

FORCE has the advantage of baiampiled, thus it allowgenerally fast processing time. Moreover, FORCE is
developedwith a focus on time series analysisimplements the concepts afata cubeand allows for parallel
processing of long Satellite Image Time Series ($Id&ver, it has some restrictiorss itrequires the data to

be saved on disk in a specific format, achievalolly by processing Tepf-Atmosphere (TOA) data directly with
FORCEG which adds an additional step to the processing thalso, FORCE does not provide a strategy for
generating optical compositeexactly as they were designed during Phase 1. Neverthelesgkaround
strategies are under analysimth to avoid the AC processing of FORCE and to use instead the providers SR
products,andto generateproductsequivalent to Phase fnonthly/seasonal compositelsy exploiting specific
parametrizatiors of FORCEme series analysis (TSA) tool.

The improved Python processor has beggsigned by keeping in mind two ma&ispects: the advantage of
modelling data cubes fgrocessing SITS data and the capability of scaling the processor in a distributed scenario.
The improved Python processor implements two approash® compositegeneration: bandvise median
aggregation and medoidpproach to mostepresentativeimage selection (see ATBBD6). Theadvantage of

using the medoid approach is ttgeneration of a composite whose spectral signature actually matches the
spectral signature of on the observations that has been aggregdtbis allows to have more consistent
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representation of the spectral signature of the land covedeed, the bandvisemedian aggregatiocreates a
compositewhose reflectance values can come from different acquisitions, digtsrting the spectral signature
of the land cover by mixinghe spectral signature opotentially very different acquisitiondn the current
implementation, the medoid is computed for each pixel as the image that minimizeSubkdeandistance in
the spectral domairfirom the median composite
The test ara considered for the analysis is ti¥2tile 21KUQ in the Amazonia ardaom this area, we collected
a time series of 7&®2acquisitions over the year 202%ith acquisitios every 5 days. For the experiment, we
consideredboth monthly and bimonthly composites:

1 Legacy P&sel processor test only with 12 bimonthlgomposites(pixetwise median of each banof

all the acquisition in a given month 5 days$;

1 Improved Python processor: test both monthly and bimonthly composites;

1 FORCHE custom parametrisation of TSA is used to genemava@thly composites.
Note thatFORCE does not only compute the median for each band by month,dstimates a cloudfree SITS
by cloud masking and interpolatiobeforehand First, all cloud, cloud shadows and defective pixels are
discarded. Thenthe acquisitions areeprojected on a regular time grid by interpolatiogenerating a full time
seriesof multispectral acquisitions. Only after this, the pinese and banevise median is computebly month
This approach effectivelfjlls in missing data in the SITS, whichpatly equivalentto Phase 1 cloud/shadow
restoration step However, the Phase 1 approach does this after the composite generdtierefore, FORCE is
able to better exploit the temporal information in the original SITS to fill in the missingldatader to efficiently
interpolate the time series, FORCE usaporal convolutions with Radial Basis Function (RBF) kddjelhis
ensures fasprocessingxploitinglow-level implementations of the convolution operatioim the experiments,
we consider an interpolation step (defining the spacing in the temporal grid) of 14 dsiys) three RBF kernel
with sigma values of 1£8, and 42 days. The sigma valdefine the width of the gaussian bell of each filter.
Using different filtes allows to more precisely follow the SITS wlrequentacquisitions arevailablewith the
smaller kernels whereas it allows fointerpolating more distanttime stepswith larger kernels when few
acquisition area availabl@he three filters are combined by weighting theby thel O lj dzA Zdénéity Ritifi® &
each filter.Since gaussian kernels have in principle infinite widtbutoff density of 0.95 is set, reducing the
effective width of each kernel’he maximunwidth allowed for each filter ialso limited tot 54 days around the
centreof the kernel After interpolation, the FORCE folding capabilities is used to generate temporal aggregates
on a monthly basis FORCE does not allobimonthly folds, thus we only tested monrth composites.
Nonetheless, the interpolation pabilities of FORCE actually address the same issue addressed by the use of
bimonthly composites over monthly composites, i.eeduced data availabilit Therefore, FORCE monthly
compositesare actually comparable to bothe monthlyand bimonthly composites generated by both the legacy
Phase 1 processor and the improved processor.

Table2. Processing time of thdifferent processors for composite generation

12 Monthly composites 12 Bimonthlycomposites
Legacy Phasegdrocessor oQ
Upgraded Python processc . vy
(median) ca P2e
Upgraded Python processc -
(medoid) pea

FORCEnterpolation + median) gd pQ@¢ 0¢QQE

Table2 reports the processing times of the different processdnsese results were achieved on a workstation
with 64GB & RAM(2x32GB DDR3R0O0MHz CL16 neBCQC)a 8C/16T Ryzed 5800XCPU, and the data was
stored on aM.2 NVMev1.4 SSDsamsun®80. Fromthese resultswe can observe a cle@ximprovement in
processing time over the legapyocessordyy the upgraded Python processdirwe consider the interpolation
capabilities of FORCE, we achieve-Gx improvementover the legacyprocessor Considering monthly
composites,the processing time of the upgraded processdgth median aggregatiomnd FORCE are similar.
However,there are few aspects to keep into consideration. On one hand, FQRR@&ms both interpolation
and median aggregationaking the same time as thepgraded processorwhich performs onlthe median
aggregatioroperation. On the other hand;ORCE nesdhe level2 imagery to be alreadstoredfollowing the
specific FORCE requiremefas tiling, projections,andfile formats Currently the only way toachieve this is to
use theLevel2 generation capabilities of FORCE, which adds an additional step to the proé¢esgsii@ ¢ for
generating all the Levél imagesof the 73 S2acquisition considered This makegshe use of he upgraded
processor more appealingpproaches foavoiding thigime consumingtep are under analysiff we can utilize
the precomputed LeveP data from the providersFORCE would become the most efficient approach to
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composite generation, also including an interpolation skeffore temporal aggregation, which further reduce
gaps in the datan the case tfs is not possible, the upgraded Python processor will be updated to intetjrate
interpolation procedurebefore computing the median composite, thus aligning it with FOR®E.processing
time ofthe upgraded processor with medoid aggregationemiBxthe median aggregatiarThis large increase in
processing undermines the applicability of the medoid operafidre results for computing thbimonthly
composites with the medoid operator are missing due to the high memory requirementsisofipproah.
However, we can expeegforse processing time than the legacy processor.
Figure4 showssome examples of optical composites for Janug&igure4(a)(c)(e)(g)) and FebruaryFigure
4(b)-(d)-(f)-(h)) 2023in tile 21KUQWHhile January is populated withostly clearsky observations for the whole
tile, February consistsf almostcompletelycloudedacquisitiors, with the exception of aingle acquisitioriFeb.
5t 2023 with sparse cloud cover. Thikallengeprovides a good benchmark fanderstanding the most proper
composik generationapproach.First, we can observe that the Janyaimompositesn Figure4(a)-(c)}(e)-(g) are
all very similar and of good qualitfhisis expectedgiven the goodumberof cloudfree observations for all the
pixels.Instead, the February composites kigure4(b)-(d)-(f)-(h) show some differences=irst, Figured(b)-(d),
generated bymonthly median and medoid composites, respectively, show some gaps scére the black
regions) This is expected given travailability of a singl@cquisition with low cloud cover (Feb 2023),
whereas all the other acquisitiotgwve a cloud cover w 11 BHowever, the other acquisitiorstill contribute to
the final composite for theew available cloudree pixelsfrom the computed cloud m&s). Note that the cloud
masks in these scenes are unestimating the cloud coverage, thudoudy pixels are actually used in the
composites.In theseareas of the scene, we can observe a difference in the mediameetbid composites
(otherwise the same)n particular, the medoid composite s@s noisierthan the median Eigure4(b)-(d)), asit
tends to select the cloudypixels, failing in filtering thevailable observationdf we consider the bimonthly
composite of February 202Figure4(f)), we can seémprovements related tabsenceof gaps in thescene.
Thanks to the temporal window ranging from January 1& March 19", the bimonthly composite is able to
exploit the cleaner observati@of January and February to fill the gaps. Howewar can observe artifacts due
to the large temporal distance in the selectpikel vales, which reflects thegaps due taclouds. The FORCE
monthly composite, instead, is the one producing the clesirieebruary compositedespite usinga median
aggregation by month. This possible thanks to the interpolati@momputed before aggregation, whictot only
allowedto avoid gaps in the scer® combininglanuary and Marchcquisitions butlso produced an artifaet
free composite
In conclusionwe improved theefficiency of thecomposite generation stepreachinggood processing times.
Among the considered approachesgdoidis the most expensive with noomposite quality improvements
whereas FORCIras shown to bdoth efficient andto produce highguality composites. The key aspect to the
improved quality of FORCE can be identified in the interpolation procedure performed befedian
aggregation. Howeverye need to take into account that FORCE requires the input L2 data to be consistent to
its internal representationTherefore we are considering two directions:

1 The dignment of the upgraded processor to the FORTEpipeline

1 Theintroduction ofconverter that is able t@atisfy FORCE internal requirement, such that to remove

the necessity of performing A@hichadds unavoidableprocessing time.

(b)
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Figure4. Examples of generated compositésr S2tile 21KUQ in 201%or Januaryffirs column, i.e.,(a) (c) (e)
(9)] and February{second column, i.e.(b) (d) (f) (h). (&) (b)Monthly median composits. (c) (d) Monthly
medoid composites. (e) (f) Bimonthly median composites. (g) (h) Monthly FORCE median compdsidek.
areas arepixels with not clear-sky observatiosin the considered period.

3.1.3 Optical Classification
During Phase 1, the optical classification was performed by using Support Vector Machines {[3\kis)jn
challengsin usingSVMs were related téeatures selection andaccuratepixelwise clasgposterior probabilites
estimation To solve both these problema Phase 2, we consideleep learning strategiedndeed,a deep
learning architecture is able tearna good feature representation starting from the raw input features, reducing
time in tuning the optimafeature set andit candirectly estimate the pixelvise clasposterior probabilities
instead of relying oexternal calibration approaches such as in the case of SVMs
In our preliminary analysis, we comparethree different architectures, all of which incorporate temporal
information. To further examine theffectiveness of the methodologies in utilizing contextual information, we
also included pixdkevelnetworks Theconsideredarchitecturesare the following

1. Transformer: weemployedthe encoder architecture of a Transformf]. Positional encodingvas

appliedto the SITS focudng on classifying single pixels without incorporating contexinfdrmation.
2. Swin Transformenve adapteda Vision Transformer (ViTdlesigned to capture both local and global
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dependenciedn the image. Instead of using global attentiaoross the entire image like traditional
ViTs, the Swiiransformer divides the image into naverlappingwindows, performing selattention
within each window.Our implementation considers an adaptation to the $t8nario of[6], initially
designed for superesolution of videos here adapted tojointly model the spatial andtemporal
information of the SITS
3. Convolutional Long Shefterm Memory ConvLSTMjhis hybrid model integrates convolutional neural
networks (CNNs) with long shetdrm memory (LSTM) networks. It is tailored for spaémporal data,
maintaining spatial information within individual time steps while capturing temporal dependencies
acrosgime steps[7].
Given the complexity of trainingeep network with the full HRLC legend tamge areas, we performed a
benchmarking exercisenorestricted area in the Amazonia arda order to provide aufficientlylarge training
dataset, we employed the HRLC10 nggmerated during Phase 1 as referentlerefore, theaccuracymetrics
provideinformation on the level of agreement with the existing produ@s. one handa high level of agreement
does not provide a actualaccuracymetric. On the other handa high agreement means that the considered
deep networkagreeswith the whole Phase 1 processing chain, includingaptical SAR decision fusiogpatial
harmonizationand post processingesults whichimproved the overall classificatiaf the optical SVM classifier
Therefore, we consider this benchmark sufficiéot comparing the different models and selexj the most
suitable one folPhase 2For our analysis, we selected the dataset corresponding to the MGRS S2 tile 22KGV in
Brazil, chosen for its heterogeneous distribution of land cover classes, including tree cover (evergreen broadleaf,
deciduous broadleaf, evergreen needleleaf), shrub (gremn, deciduous), grassland, aquatic vegetation,
cropland, bare areas, builtip areas, seasonal open water, and permanent open water.
We utilized allS2images available for 2019, generatihg monthly median composites. To ensure a balanced
training dataset, we adopted a heterogeneltgsed patch extraction approach. Specifically, we dividedSthe
composite images into neaverlappingu v pixel patches. For each patch, the dominant land cover class was
identified. These patches were then randomly divided into training, validation, and test sets with a minimum
requirement of( representative patches per class, whéravas fixed ap 1 1 Tt
For minority classes with fewer thanpatches, 50% of available patches were allocated to the training setp
to the validation set, and; v Bo the test set. This process resulted in a training dataset representing
approximatelyr® ¢ Iof the area. Validation set sizes were determined as f the training samples per class,
while the remaining patches in the tile, not included in the training or validation sets, comprised the test set. This
methodology ensured a small but representative dataset for the full classification scheme.
To ensure the robustness of the evaluation, we conducted all tests five times, using distinct samplings for the
training, validation, and test sets in each iteration. For reproducibility, we utilized predefined seed values for the
random number generatolRNG). The evaluation metrics reported include Overall Accuracy (OA), mean F1 Score
(mF1), and mean Intersection over Union (mloU) on the test sets. Additionally, the standard deviation of these
metrics was calculated as an unbiased estimator to providiglimsnto the consistency of the result$able3
shows theoverall performance of the three deep architecturés.generalConvLSTMnd Transformer Encoder
perform similarly, with nosignificant differences imverall performance metrics. On the other han&win
Transformemperforms significantly better than thether, achieving the best performancwerall.

Table3. Comparison of the accuracies obtained by different architectures on the conside&2tile. The best
performance are in bold. The related standard deviation is reported in brackets.

mF1 (%) OA(%) mloU (%)
Transformer Encode 60.80 0.59 80.21 (1.06) 48.66 (0.55)
Swin Transformel 65.42(1.10 83.53 0.95 53.14 (1.10)
ConvLSTNV 61.81 (1.38) 81.66 (1.03) 49.73 (1.35)

In order to validate claswise accuracies, we selectadrandom seedo initialize they S i ¢ 2 NJ & Qforé SA I K &

trainingfor all the consideredrchitectures® C2 NJ S| OK Of | & & TAcaurdcy VA)Yihdd®rvdbiders i K S
Accuracy (PA) and the F1 Scofable4 shows theaccuracies metrics of the different architectureSwin
Transformer is again the best performing architecture in terms of F1 scacbgving the best performance on

most classes. However, Transformer Encddethe one achieving the best B&ores on most classeEhese

results highlighthat the best performancés achieved byarchitecturesemploying the attention mechanisms to

model the temporal information (i.e., Transformer Encoder and Swin Transfararet)that the best results are
achieved by combining with the spatial context (Swin Transformer). Indeed, tv@per modelling of the
temporal information helps in identifyinghe phenology of different land covers, while the spatial context
providesmore control overcommission errors ogategorieswith spatial featuresuch asshrubsand buildup

areas.

a
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Table4. Classwise accuracy metricobtained by different architectures on the considere82tile. The best
performance are in bold.

Transformer Encoder ConvLSTM Swin Transformer

UA PA F1 UA PA F1 UA PA F1
Tree cover evergreen broadle: 91.18%  65.89%  76.50% | 86.48% 74.50% 80.04% | 85.33% 76.93% 80.91%

Tree cover evergreen needlele: 46.95%  96.47%  63.16% | 49.57% 91.90% 64.40% | 54.53% 86.53% 66.90%
Tree cover deciduous broadle: 43.66%  41.91%  42.77% | 45.67% 44.54% 45.10% | 43.38% 57.03% 49.28%
Shrubcover evergreen 25.10%  81.68%  38.40% | 38.58% 56.37% 45.81% | 35.62% 73.72% 48.04%

Shrub cover deciduou:  5.70% 38.22% 9.92% | 2.90% 37.48% 5.38% | 510% 41.98%  9.09%
Grasslands 89.52%  89.79%  89.65% | 89.72% 87.85% 88.77% | 92.95% 87.05% 89.90%

Croplands 94.35%  90.95%  92.62% | 91.66% 89.91% 90.77% | 94.25% 90.88% 92.53%

Grassland vegetation aquati  74.02%  74.29%  74.15% | 72.18% 80.84% 76.27% | 76.01% 84.24% 79.91%
Bare areas 23.30%  63.30%  34.06% | 26.26% 55.74% 35.70% | 27.75% 73.38% 40.27%

Builtup  42.49%  84.32%  56.51% | 57.15% 78.33% 66.09% | 66.20% 75.26% 70.44%

Open water seasona 51.03% 81.18% 62.66% | 57.19% 66.31% 61.41% | 58.98% 74.52% 65.84%

Open water permanent 97.88% 98.40% 98.14% | 98.89% 96.70% 97.78% | 98.78% 97.22% 97.99%

Figure5 shows a qualitative comparison of the predictions of the three deep architestwith the reference
HRLC10 maNotably, we can see that all the deep methods seem to better delineate the boundaries between
the different land coversespecially fotree cover categoriesAdditionally, the deepearningmethods seem to
better capture theurban fabricprovidingbetter results for the builup dass(especially the Transformer modgel

The Swin Transformeresms to provide noisy predictionsn the example However,the inference algorithm
utilized with Swin Transformer was noptimized to perform proper semantic segméation of the scene.
Indeed it process the image in a blogkse mannerinstead of using a rolling window approacthis leads to
some checkboardrtifacts, especially where the model is uncertdtuture analysis will include thqualitative
results with proper inferencalgorithms which will most likely impnee the visual fidelity of th@rediction maps

of Swin Transformer
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(c) Transformer Encode pre

CODE  DESCRIPTION
No data

Tree cover evergreen broadieaf

Tree cover evergreen needleleaf
Tree cover deciduous broadleaf
Tree cover deciduous needleleaf
shrub cover evergreen

shrub cover deciduous

70 Grasslands
80 Croplands
Woody vegetation aquatic or regularly flooded

Grassland vegetation aquatic or regularly flooded

110 Lichens and mosses
120 Bare areas

Built-up

Open water BN open wate
B oo vate

150 Permanent snow and/or ice

(e) ConvLSTM pr
Figureb. Qualitative comparison bthe predictions from the different deep architectures considered. (a) RGB
image of the January median composite 02019 (b) Reference HRLC10 maft) Transformer Encoder
prediction. {d) SwinTransformer prediction () ConvLSTM prediction.

The preliminary analysifor the optical classificatio suggests thathe use of deep learning architectures is
promising, with resultssimilar to the output of the full processing chain of HRLQAGd in some cases
qualitatively better) In particular, Swin Transformer and Transformer Encoder netwamdégpromisingoptions
for improving the optical classification in Phas&@rther analysis will focus atefiningproper training strategies
for defining deep networks able to operate at a large scale. Thiigneludeselfsupervision approads, as they
have affirmed as thetate-of-the-art approachesor model pretraining, and weak supervision approaches, in
order to be able to augment the training dataséhdeed, while he availablephoto interpreted points are
fundamentalfor definingmodekthat properly map the target land cover classes, siee of theraining database
is stillscarcefor training deep learning models.

3.2 SAR data processing

Figure6 illustrates the processing workflow for generating the higkolution (HR) land cover (LC) map through
the classification of Sentindl (S1)time series. Initially, the SAR images undergo preprocessing to convert the
backscattered signal intp , expressed in decibels (dB).
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Figure6. Block diagram of the SAR classification chain.

To determine the most suitable algorithm for the final SAR land adassification process to be applied in Phase

2 of the project, a series of carefully designed experiments were conducted. These experiments aimed to assess
the performance and accuracy of different approaches, with each outcome meticulously evaluatesiite the

optimal selection

In more detall, the initial phase of testing employed the SAR classification chain, as illustrfgigar@d, which

had been developed during Phase 1 of the CCI+ project. This chain was used to generate preliminary classification
outputs, providing an initial benchmark for performang@teRandom Forest (RElassifier was trained using the
ground truth data collected by the team Phase Xhrough the hierarchical approacfiraining points for the

urban and water classes were excluded from the dataset.

However, recognizing the inherent limitations and challenges associated with traditional machine learning
techniques for complex classification tasks, additional methods were considered. Specifically, alternative
approaches leveragingeep Learning (Dtgchniques Attention U-Net, SwinUnet, and 3D FCNvere explored

to address the limitations of the initidlamework and potentially improve classification accuracy, particularly in
dealing with the higkdimensional nature of SAR datégure? presents a simplified block diagram that outlines

the key steps and processes involved in the system, providing a clear overview of the workflow and the
interconnections between each stage of the procedure.

Sentinel-1 Pre-Processing task

_______________________________________________

Time Series

Sentinel-1

Multitemporal Features DL based
— Despeckle — Extraction — Semantic —
Filtering Segmentation
« \o°
Training and
—_— Validation Set
Generation

4

Figure?. A simplified workflow illustrating theDLmapping procedure applied to SAR time series.

Seasonal

MOLCA

Ground Rreference Clustering

3.2.1 Data and Methods

A first testwas carried out in the Amazonian region, specifically focusing on the 21KUshalen inFigures,
which was selected as one of the benchmark areas during Phase 1 of the project.
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Figure8. S2tile 21KUQn Amazoiig, selected to test thenhancement of the RF classification.

This tile is particularly significant due to its diverse land cover types and ecological importance, making it an ideal

test case for assessing the classification methods.

For this test region, the performance of the classification procedure based on the use of the RF algorithm was
specifically evaluated, considering an expansion of the feature set compared to what was implemented during

Phase 1 of the project.

SilLevell Ground Range Detected (GRD) products, acquired in Interferometric Wide Swath (IW) mode, were
employed for the analysis. The dataset spans the entire year 2019, offering a comprehensive temporal
representation of land cover dynamicBhe preprocessing stage constitutes a foundational step in generating a
time series specifically tailored for land cover map product®hproducts are first subjected to radiometric
calibration to ensure consistency in backscatter values, followed by terrain ciome¢d account for
topographical distortions. These steps are executed using the Sentinel Application Platform (SNAP) software
provided by ESA, ensuring standardised and reliable data preparation.
For the multitemporal analysishe images are stratified into the four annual seasamisiter, spring, summer,

and autumnto capture seasonal variations in land cover. For each seasonal subset, a multitemporal despeckling
filter is applied to reduce noise while preserving significant spatial and temporal details. This process results in a
"super image" for each season, repeesing an aggregated and noiseduced view of thdile.

From each super image, a set of spatial features is extracted, including statistical metrics such as Lee, Min, Max,
Max-Min, Mean, and Median, which provide valuable information about texture and spatial variability. These
spatial features, combined witthé super images themselves, form the inputs for training and executiRf a

classification.

3.2.1.1 Random Forest classifier

Following Phase B RFclassifiewas applied in this areaust b quickly recall it, the RF algorithm has become a
cornerstone in land cover mapping due to its robustness and adaptability, particularly when dealing with complex

datasets such as those derived from S1 time series.

The classical RF approach, used as a baselifdase 1relied on 28 features derived from four seasonal
composites of S1 VH polarisation data collected in 2019. These features captured a range of spatial and statistical
characteristics, including local edge enhancement, minimum and maximum values, thertiffepbetween

them, as well as mean and median measures. While effective in providing a basic understanding of land cover
patterns, this classical method was limited in its ability to distinguish ewtliations in the landscape. The need

for more detailed classification motivated the development of an expanded feature set.

This initial test investigates potential improvements to the Phase 1 RF classification framework as per the
previous paragraphs by incorporating an expanded feature set and implementing advanced preprocessing
techniques, following the methodology outlingd [8]. These innovations aim to address the limitations of
traditional approaches and provide more accurate and detailed maps, contributing to a better understanding of
land cover dynamics in challenging environments like the Amazonian region. Specificalhhaheed approach
introduced data from both VH and VV polarisations, broadening the scope of information captured by the model.
S1 images were grouped into-24y intervals, and multitemporal despeckling was applied to reduce noise. For
each period, an d@hmetic mean composite was generated, adding 15 new features to the original set. This
AAAYAFAOLIYyGte AYyONBIlI aAy
finer details in land cover. These additional featureffered improved temporal resolution and better

process resulted in a comprehensive 83X | (i dzNB

asizs
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representation of surface dynamics, particularly in areas with rapid environmental chahgésiplified block
scheme is depicted iRigure9.

. . . . b Spatio- temporal Random Forest
season clustering featur (RF) classifier

\ _____ Final HRLC map

24 days composiles

Annual 5-1

Lime series

Figure9. A simplified block diagram illustrating the land cover mapping procedure, highlighting enhancements to the
feature pool.

Another critical aspect of the study was the application of an angdaed radiometric slope correction. This
preprocessing step, inspired by the method proposed by Vollraffjeaddressed terrakinduced distortions in

S1 images. These distortions, often present in rugged terrains, can skew classification results by altering the
apparent radiometric values of the imagery. By correcting for these angular effects, the study speghance

the reliability of the data, especially in regions like the Amazon, where topographic variability can significantly
impact radiometric measurements.

As mentioned, this first experimental setup was centred on the Amazonian region, specific&B2theUQ tile.

This area presented a diverse range of land cover types, making it an ideal testbed for the proposed
enhancements. The training data used consisted of points manually collected through a hierarchical approach
during Phase 1 within the regiomovering a spectrum of land cover classes, including evergreen forests,
grasslands, croplands, and bare deijure10shows the spatial distribution of tile 21KUQ in the Amazon region,
along with the corresponding legend indicating the number of points for each class.

Value Classes Number of points

Tree cover everg. broad|. 439
Tree cover decid. broad. 199
Shrubland cover evergreen 38
Shrubland cover deciduous 82
Grassland 344
Cropland 27
Grassland vegetation aquatic or
regularly flood

Bare areas 165

237

Figurel0. Spatialdistribution and legend of the training points collected over the benchmark area 21KUQ in the Amazon
region.

Three distinct classification experiments were conducted to assess the proposed enhancement under evaluation.
The first experiment utilised the classicaH2@ture set without any slope correction, serving as the control. The
second incorporated the expded 43feature set, also without slope correction, to assess the impact of the
additional features alone. The final experiment applied the expanded feature set with slope correction,
examining the combined effect of the two enhancements. All classificatizgre implemented within Google

Earth Engine, a platform that allowed efficient processing of large datasets.

Validation datasets for the quantitative assessment were sourced from-estdblished global products,
including the Copernicus Global Land Cover (CGLC) at 100nj12018nd theCQ Medium ResolutionLand
Cover(MRLG Map 2019[11], as well as a validation set provided by PoliMi and verified by UNITN, ensuring a
robust comparison against external benchmarks. The validation points from existing global land cover products
were randomly extracted to create a balanced and representatiataset for each land cover class. This
approach ensures that the distribution of points adequately reflects the diversity of the classes, avoiding biases
that could skew the classification accuracy assessment. Care was taken to select points frongeagoaghic
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regions within the study area, capturing variations in land cover types due to environmental and climatic factors.
The balanced dataset enables a robust comparison across classes, providing a comprehensive evaluation of the
classification model's performas.

Table5. List of validation datasets used to evaluate the classification performance based on treppRi®ach.

Validation set description Class Number of Points
Tree cover (evergreen broadleaf) 658
Tree cover (deciduous broadleaf) 338
PoliMi/UNITN Grassland 308
Validation Set
Cropland 137
Builtup 250
Tree cover (evergreen broadleaf) 1000
Tree cover (deciduous broadleaf) 1000
Shrubland (evergreen) 1000
Grassland 1000
1%?):;]@;859 Cropland 1000
Grassland veg. ag. or reg. flooded 1000
Bareland 198
Built-up 1000
Openwater (permanent) 1000
Tree cover (evergreen broadleaf) 1000
Tree cover (deciduous broadleaf) 1000
CCl MRL®ap Grassland 1000
300m 2019 Cropland 1000
Grassland veg. aqg. or reg. flooded 1000
Open water (permanent) 1000

3.2.1.2 Assessing the Impact of Enhancements on Random Forest Classification

The results of the improved RF provide significant insights into the effectiveness of the proposed enhancements.
Qualitative assessments of the classification maps show that the expanded feature set iatheovisual clarity

and spatial detail of the outputs. Features such as roads and bare areas within the study aegioore
distinctly identified, highlighting the value of the additional temporal composites. However, the application of
slope correction introducgunexpected challenges. While it aiméol standardise radiometric values, it also
increased noise in the classification process, particularly in homogeneous regions, leading to less consistent
maps as highlighted ifrigurell.
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21KUQ: Google satellite image

Figurell. Visual comparison of the 21KUQ AOI tile between: (a) Google satellite image, (b) the RF map produced by the
WOt aaAolOlfQ FLILINREFOKE 600 {mM wC YIL ¢6AGK Iy SEGSYRSR ¥SI G
extended feature set and slopeotrection.

A visual assessmeint Figurell suggests that extending the feature space enhances classification performance,
making spatial details more apparent. For instance, within the AOI, routes are more distinctly identified and
classified as bare land. However, the slope correction appearfeatiek in resolving class recognition confusion,
resulting in a classification map that appears noisier. Notable examples of this issue are highlighted in the blue
areas.

Quantitative analyses supported these findings, W@ metrics indicating a clear improvement when the
expanded feature set was used without slope correction. This approach achieved higher differentiation between
land cover classes and better alignment with validation datasets. Conversely, thecslopetedclassifications
exhibited lower OA, underscoring the need for further refinement of the correction algorithm to avoid
introducing artefacts into the data.

Table6 compares the performance of different RF classification experiments across three validation datasets.
The results are expressed in terms of Producer's Accuragyp@gentage accuracy per clagsvherexindicates

the class numbgrand OA, overall classification accuracy across all classes).

Table6. Comparison of Producer's Accuracy (PA) for individual classes and Overall Accuracy (OA) across three validation
datasets using different Random Forest (RF) experimental approaches: Classical Approach, Features Expanded, and
Features Expandednd Slope Corrected.

Validation set RF experiment PA (9)PA (%)PA (%)PA, (%)PA; (%)PA; (%)PA (%)PA(%) PA(%) PAYY) PA (%) OA%,
- Classical approach 56 75 - - 51 87 - - - - - 54
Cg::zgg’:gg Features expandend 56 80 - 50 93 - - - - - - 53
Features expandend and Slope corrected 55 79 - 53 92 - - - - - - 53
Classical approach 42 37 17 - 29 40 25 8 - - 91 29
;%;ngllag Features expandend 43 35 - - 31 40 20 8 - - 91 29
Features expandend and Slope corrected 43 41 - - 30 46 25 7 - - 92 28
Classical approach a7 27 - - 18 36 44 - - - 91 28
c;:(;(;\fnmz_glglap Features expandend a7 21 - - 18 31 40 - - - 91 | 276
Features expandend and Slope corrected 47 22 - - 18 42 48 - - - 91 | 27,5

*PA Producer Accuracyt: Tree cover (evergreen broadlea®; Tree cover(deciduous broadleaf)3: Shrubland (evergreen®: Shrubland (deciduous}:
Grasslandf: Cropland;7: Grassland vegetation aquatic or rdgdy flooded 8: Bareland;9: Builtup; 10: Open water (seasonall;l: Open water (permanent).
Note: Thed @ YO@ fAYWRA Ol 1Sa G(KS 16aSy0OS 2F QLFLtARFGAZ2Y LIRAyGa F2NI I ALISOATAO Ofldao

Concerning the PoliMi/UNITN Validation Set, expanding features improves class accuracy, especially for PA5 (51%
M do20 O02YLI NBR (2 Th&ksbpedirebtédZppdach achievdsIsidilar@écdracy for PAS
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(92%).All approaches yield similaDA (53%54%), suggesting that improvements in specific classes do not
significantly affect global performance.

For the CGLC validation set, the slaperected approach slightly improves &i{A6%) compared to the classical
approach (40%). Low accuracy is observed for classes such @2%43%) and PA(35%41%). Incorporating
slope corrections results in a marginal decrease in OA (28% vs. 29%).

For theCCIl MRL@&ap, the slopecorrected approach enhances P@8%) compared to other method®ther
classes remain stable or decline slightly (e.gz d?8ps from 27% to 22%).he OAremains almost unchanged
(27.5%28%).In mnclusion expanding features or adding slope corrections improves the accuracy of certain
classes (e.g., BAnd PA). However OAremains relatively consistent across experimental approaches, indicating
that these refinements do not translate into significant global improvememstformance varies across
validation datasets, with the PoliMi/UNITN dataset achieving the highest OA%83%compared to the other
datasets (27.5929%).

3.2.1.2.1 RF Performance Assessment with Ecoregion Classification

To improve classification performance, the RF model was trained using training points manually collected by the
EO team and organised by Ecoregioms shown irFigurel2. This approach takes advantage of the ecological
distinctions specific to each Ecoregion, allowing for a more tailored and accurate land cover classification. The
model was applied across all three scenarios under consideration, ensuring comprehensragemf varying
ecological contexts. The performance of this Ecore@jased RF model was evaluated using the same three
validation datasets employed in prior experiment$ie Ecoregion (ERpased training and classification process

was carried out using Google Earth Engine (GHEE)the resulting classification maps ard-igurel3.

alue lass INumber of points

ree cover everg. broadl. 11138

1376
38

ree cover decid. broad.

hrubland cover evergreen

hrubland cover deciduous

7  (Grassland 1126

8 [Cropland 725
rassland vegetation aguatic or regularly flood 269
Bare areas 862

Figure12. Spatial distribution and legend of theraining points collected across the corresponding Ecoregions in the
Amazon region.
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21KUQ: Google satellite image

Figurel3. Visual comparison of the 21KUQ AOI tile between: (a) Google satellite image¢h€biRF magproduced by the
WOt I &aA OlERMAsed (¢)iha\sB RFOMap with an extended feature set and no slope corredi®based and (d) S1
RF map with an extended feature set and slope correct®Rbased

Furthermore, to mitigate residual misclassification errors and refine the outpagighborhood reduction filter

was applied as a pogtrocessing stepwith the resulting classification mapghownin Figurel4. This filter aims

to smooth classification outputs by addressing isolated misclassified pixels, thereby enhancing spatial coherence
and improving the overall map quality.

21KUQ: Google satellite image

Figurel4. Visual comparison of the 21KUQ AOI tile between: (a) Goaglellite image, (b) the RF map produced by the
WOt I aaAi Ol f-ased, hdight@urhddd reduoedc) the S1 RF map with an extended feature set and no slope
correction ERbased,neighbourhood reducedand (d) S1 RF map with an extended feature set and slope correction ER
based neighbourhood reduced.
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This additional step is particularly effective in reducing noise in areas where class transitions are abrupt or where
small misclassified patches might distort the final resulthis technique significantly improved map
homogeneity, reducing the 'salt and pepper' effect often observed in RF outputs. The filter proved particularly
effective for the extended feature sets, further enhancing the usability of the classification rémufisactical
applications.

Table7 presents the results of classification performance for the different RF experiments, where training was
based on Ecoregion (ER) data. The experiments were evaluated using the three validation sets used previously.
The performance of the RF model is mea&subyPAfor each class (RAPA, PA, etc.) andOA.
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Table7. Comparison of Producer's Accuracy (PA) for individual classes and Overall Accuracy (OA) across three validation
datasets using different Random Forest (RF) experimental approa&Risased Classical Approach, Features Expanded,

and Features Expanded and Slope Correctétie performances have been also compared with their corresponding
neighborhood reduced filtering version.

Validation set RF experiment PA (%)PA (%) PAs (%) PA: (%)PA; (%) PAs (%) PAv (%) PAz(%) F’Ag(%) PAw(%) PAu(%) OA(%,
Classical approach ER-based 46 48 40 a7 42,6

Classical approach ER-based, neigh. reduced 52 55 - - 68 39 - - - - - 51,1

PoliMIUNITN Features expandend ER-based ) 56 59 - - 55 55 - - - - - 55,4
Validation Set Features expandend ER-based neigh. reduced 61 64 - - 56 55 - - - - - 59
Features expandend ER-based, Slope corrected 53 55 - - 56 60 - - - - - 53

Features expandend ER-based, Slope corrected, neigh. reducesl 59 - - 59 56 - - - - - 54,1

Classical approach ER-based 36 26 5 - 18 33 12 3 - - 91 | 24,6
Classical approach ER-based, neigh. reduced 48 35 - - 17 48 17 12 - - 91 28

CGLC Map Features expandend ER-based 40 26 - - 21 34 15 6 - - 91 25,8
100m 2019 Features expandend ER-based neigh. reduced 47 29 - - 20 36 15 11 - - 91 | 26,6
Features expandend ER-based, Slope corrected 37 27 - - 27 35 15 7 - - 92 | 259

Features expandend ER-based, Slope corrected, neigh. reducéd 29 - - 20 36 15 11 - - 91 | 26,6

Classical approach ER-based 40 22 - - 23 33 28 - - - 91 27,9

Classical approach ER-based, neigh. reduced 47 25 - - 25 35 30 - - - 91 | 304

CCI MRLC Mag Features expandend ER-based 46 29 - - 27 43 36 - - - 91 | 319
300m 2019 Features expandend ER-based neigh. reduced 51 32 - - 26 54 36 - - - 91 | 329
Features expandend ER-based, Slope corrected 44 28 - - 27 36 36 - - - 91 31

Features expandend ER-based, Slope corrected, neigh. reducsa 33 - - 27 50 36 - - - 91 | 33,2

*PA Producer Accuracyt: Tree cover(evergreen broadleaf)2: Tree cover (deciduous broadlead); Shrubland (evergreen®: Shrubland (deciduous}:
Grassland6: Cropland;7: Grassland vegetation aquatic or regularly flood8dBareland;9: Built-up; 10: Open water (seasonal);l: Open water (permanent).
Note: ¢ KS &8y oAzyIRAUWDI (Sa GKS 16aSyO0S 2F @GLtARIFGAZ2Y LlRAyGa F2NI I ELISOATAO Oflaao

For thePoliMi/UNITN Validation Segthe highestOA(OA = 59%) is achieved by the "Features expanddrthE&l
neighbourhoodreduced" experiment, indicating that adding feature expansion and applying the neighbourhood
reduction filter leads to improved classification performandée "Classical approach -B&sed" experiment
shows lowerOA(OA = 42.6%), suggesting that using a classical approach without additionarposssing or
feature expansion does not perform as wékeatures expanded Hbased" and "Slope corrected” methods
provide relatively betteresults (OA = 55.4% and OA = 53%, respectively).

Using the CGLs&t, the "Classical approach HRsed, neigh. reduced" experiment shows the best performance
with an OA of 28%, followed by "Features expanded&ded neighreduced" with an OA of 26.6%dding the
neighbourhood reduction filter improves the classification, as seen in experiments like "Classical approach ER
based, neigh. reduced" (OA = 28%) and "Features expanddddel neighreduced" (OA = 26.6%J.he
"Features expanded Hbased" experiment without neighbourhood reduction or slope correction results in lower
accuracy (OA = 25.8%).

With the CCI MRL&alidation points, he best performance is observed in the "Features expandetdskd

neigh. Reduced" experiment, which achieves an OA of 32.9%, indicating that this combination of methods
(feature expansion with the neighbourhood reduction filter) delivers the most accuiasification results.
"Classical approach HRsed, neigh. reduced" (OA = 30.4%) and "Features expandbddeR" (OA = 31.9%)

also perform well, showing that adding neighbourhood reduction and expanding features consistently improve
results.The lowestDA(OA = 27.9%) is obtained from the "Classical approadiaB&&I" experiment, underlining

the importance of additional processing steps like feature expansion and neighbourhood reduction for improved
accuracy.

The application of feature expansion and neighbourhood reduction significantly enhances classification accuracy,
particularly when combined with Ecoregitvased training.The Slope corrected method provides some
improvements in accuracy, but not as consistently as the neighbourhood reduction filter.

The Classical approach without feature expansion or -postessing methods yields the lowest accuracy,
indicating that relying solely on basic RF techniques may not be sufficient for accurate classification across diverse
land cover typesThis analysis highlights the importance of data preprocessing and model refinement (e.g.,
feature expansion, slope correction, and neighbourhood reduction) in improving the performance of land cover



Ref D2.1- PVASR high resolution

\\\\&Q\i esa Issue Date Page i land cover

1.1 21/01/2025 24 -

classification using RF models.

Some classes consistently exhibit low PA values, which may indicate underlying issues related to the distribution
of training samples or confusion between similar classes. These low PA values, coupled with equally low OA
scores, suggest that the curreRfFapproach may not be capturing the complexities of certain land cover types
effectively. Such results point to the necessity of exploring alternative, more powerful methods for land cover
classification. In particulabLapproaches, with their ability tonodel complex spatial relationships and learn
hierarchical features directly from raw data, may offer significant improvements in performBhceethods

3.2.1.3 Deep Learning Models as an alternative to RF for LC Classification

The performance of the 'classical' RF classification, as used in Phase 1 and based on 28 features pemaseason,
also evaluated in comparison with three advanced DL algorithms: AttentibletJSwinUnet, and 3D Fully
Convolutional Network (3D FCN).
For the training of the three DL algorithms the channel axis of the input tensors was utilised to encode the spatio
temporal information derived from the sequence of seasonal features extracted from the original SAR images.
This approach allowed the netwks to process the temporal dynamics effectively. The input tensors were
structured a®d Y w O where:

1 & represents the batch size,

1 “Ycorresponds to the temporal dimension (seasonal features),

1 ® andOdenote the width and height of the input images, respectively.
Training was conducted over 30 epochs, ensuring sufficient iterations for the models to converge. The remaining
parameters were configured as described in referefic. Specifically:

1 Learning ratep Tt , optimised for gradual and stable learning,

1 Batch sizel, chosen to efficiently handle the #8ature temporal sequence while managing memory

constraints.

1 Optimizer. Adam used for its effectiveness in handling sparse gradients and adaptive learning rates.

1 Loss functionCategorical CrosEntropy applied to optimise for multiclass classification.
This configuration ensured the models could capture the intricate sgatigporal relationships inherent in the
seasonal SAR features, thereby enhancing their performance in classifying diverse land cover types.
The DL training set was extracted from the MOLCA dafaSgtwhich provides a comprehensive collection of
labeled land cover datd his dataset includes various land cover classes with high spatial resolution, and it was
specifically selected to ensure the availability of accurate training samples. The methodology for selecting and
processing this training data is described in detaithe ATDB (Algorithm Technical Description BJAK)6]
where the steps for data extraction, sample refinement, and class assignment are outlined to enstgediigh
input for the DL model.
These algorithms were applied not only to the previously mentioned Aniazde, but to three static and
geographically diverse areas representing the Amazon, Africa, and Siberia regions. These regions, selected during
Phase 1 of the project for their distinct ecological and land cover characteristics, are illustr&igdrniel5.
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Amazonia ‘_ A, ) Siberia

(a)

Figurel5. Views of the static areas identified in Phase 1: (a) Amazonia (62.1014° W, 23.5983° S to 42.9441° W, 0° N, WGS
84), (b)Africa (9.8986° E, 0.0885° S to 43.2908° E, 18.0891° N, WGS 84), and (c) Siberia (64.4361° E, 51.2789° N to 93.4017°
E, 75.6847° N, WGS 84).

The performance of the classification models was rigorously compared across the three static eaels.
represented by a subset of S2 tiles listed able8 and shown irFigurel6.

Table8. List of tiles selected to assess the DL classification performance for each static area: Am&e182a tiles)Africa
(103 S2 tiles)and Siberig64 S2 tiles)

Amazonia Africa Siberia
20KQD  32NQF  41UPA
20KQV  32NRH 41VPE
20KRF 33NUA 41WPN
20LQH  33NUE  42UVD
20LQM  33NUG  42UWF
20LQR  33NVC  42VUP
20LRK  33NWJ 42VVVH
20LRP  33NXA  42VvVM
20MQD  33NXE 42VVR
20MQV  33NXG  42VWK
20MRB  33NYC 42V XP
20MRT 33PWN 42WVD
21KTS  33PWS 42WVV
21KVQ 33PXL 42WWB
21KVU 33PXQ  42WXT
21KWA  33PZN 42XWF
21KWS  33PZS  43UcCU
21KYQ 330XU  43UDA
21KYU 34NBF 43UFU
21LUC  34NBK 43VCC
21LUG 34NBP 43VCG
21LUL 34NCH 43VDE
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21LVE  34NCM 43VDL
21LVJ 34NEF 43VEG
21LXC 34NEK 43VFC
21LXG  34NEP  43VFJ
21LXL 34NFH  43WDQ
21LYE 34NFM  43WEU
21LYJ 34NHF  43WFN
21LZG  34NHK  43WFS
21L7ZL 34NHP 44ULF
21IMUQ  34PCR  44UNF
21IMUU  34PCV  44UPD
21MVN 34PEB 44VLK
21MVS 34PET 44VMJ
21MXQ 34PFR  44VMM
21MXU 34PFV  44VMR
21MYN 34PHB 44\VPH
21MYS 34PHT 44VPP
21MZQ  34QCD 44WMV
22KBB 34QFD  44WNB
22KBF 35NLC  44WNE
22KCD  35NLG 44\WPT
22KDV  35NNA 44XMF
22KEB  35NNE  45UUA
22KEF 35NNJ  45UWU
22KFD 35NPC 45UXA
22KGV  35NPG 45VUE
22KHF 35NRA  45VUG
221 BH 35NRE 45VVL
22LCK 35NRJ  45VWC
22LCP 35PLL  45VWG
22L.DM 35PLQ 45VXE
22LEH 35PNN  45WVQ
22LER 35PNS  45WVU
22LFK 35PPL  45WWN
22LFP 35PPQ 45WWS
22L.GM 35PRN  45WXQ
22MBD 35PRS  45WXU
22MCB  35QLU 45XVC
22MCT  35QPU  45XWA
22MED  36NUH 46VCP
22MEV  36NUM 46VCR
22MFB 36NVF 46XDH
22MFT 36NVK

23KKS  36NVP

23KLU 36NXH

23KMA  36NXM

23KMQ 36NYF

23KNS 36NYK
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23LKE  36PUR
23LKJ  36PUV
23LKL  36PWB
23LLG  36PWT
23LMJ  36PXR
23LNC  36PXV
23LNE  36PZB
23LNL  36PZT
23MKN  36QUD
23MKQ  36QXD
23MKS  37NBC
23MKU  37NBG
23MMN  37NCA
23MNQ  37NDE
23MNS  37NDJ
37NEC
37NEG
37NFA
37NGE
37NGJ
37PCL
37PCQ
37PDN
37PDS
37PFL
37PFQ
37PGN
37PGS
37QCU
37QFU
38NKF
38NKM

0 1250 500 km 0 km 0250 500 km

(a) (b) (c)

Figurel6. Visual representation of the spatial distribution of the tiles selected for (a) Amazonia, (b) Africa, and (c) Siberia,
to assess thelassification performance of the DL networks.

For the comparison, the S1 LexlelGRD dataset from 2021 was utilised. The dataset was segmented into four
subsequences corresponding to the seasons (winter, spring, summer, and autumn). This seasonal division
provided a comprehensive temporal perspectfee analysing land cover dynamics across diverse regions.

The resulting dataset included:
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1 Amazoniafor 86 S2 tiles, #otal of 5105 SAR images, distributed as 1264 for winter, 1310 for spring,
1338 for summer, and 1193 for autumn.
1 Africa A collection of 5827 SAR imades 103 S2 tilescomprising 1470 for winter, 1480 for spring,
1654 for summer, and 1405 for autumn.
1 Siberia For 64 S2 tiles, dataset of 3396 SAR images, with 768 for winter, 744 for spring, 984 for
summer, and 900 for autumn.
All images were acquired in IW mode with VH polarisation and descending orbit configuration.
Each algorithm was evaluated in terms of its ability to accurately classify land cover types, with particular
attention to how well each model handled the unique characteristics of the SAR data in these diverse regions.
This evaluation aimed at determinirige most effective DL model for the classification in Prese2 of the
project, ensuring robust and reliable land cover maps across the selected global regions.

3.2.1.4 Comparative Performance Analysis of DL Models and RF for LC Classification

Table9 displays the performance of differebhree DL models forthe three regions: Amazonia, Africa, and
SiberiaAs a general statemenBwinUnet consistently outperforms the benchmark Gased models (3IBCN

and Attention UNet) and the RF model in terms of OA, kappa, anddéte across all three regiond/hile RF
remains robust in simpler scenarios, DL models outperform it by leveraging their ability to learn hierarchical and
contextual featureg14].

Table9. Overall Accuracy@A), Kappa Coefficient, F&core, and Producer Accuracy (PA) for the evaluated models across
different regions.

Region Model 0.A.  kappa Fl1-Score pa, pa, pay; pay; pa; pa; pa;  pag
Random Forest  0.622  0.328 0565 051 009 025 007 018 0 002 0.18

Amazonia 3D-FCN 0.818  0.709 0795 089 008 049 074 024 0 006 075
Attention U-Net  0.843  0.760 0832 091 0 06l 06 0 0 0 096

Swin-Unet 0933 (.898 0924 097 05 088 08 003 0 08 09

Random Forest 0745  0.544 0712 064 011 003 032 007 069 0 064

Aftice 3D-FCN 0735 0563 0723 046 027 044 053 011 036 02 077
nea Attention U-Net  0.738  0.596 0751 066 0 055 018 0 002 0 089
Swin-Unet 0936 0.900 0932 097 052 083 073 016 093 009 077

Random Forest  0.677  0.362 063 031 0 034 018 006 0 018 042

Siberia 3D-FCN 0.854 0760 0842 087 0 058 075 021 016 001 087
Atlention U-Net ~ 0.903  0.847 0.885 097 0 042 061 056 006 001 099

Swin-Unet 0974  0.959 0974 099 0 086 095 079 075 092 098

*pa: Producer Accuracyt; Forest 2: Shrubland3: Grassland4: Cropland5: Wetland 6: Bareland;7: Builtup; 8: Water.

A visual comparison of the results from the Swinet model, including random Super imagedrom the
validation datasetMOLCAeference dataGround Trutf), and thecorresponding predictions, is illustrated in the
Figurel7, Figurel8 andFigurel9, for Amazonia, Africa and Siberia, respectively.

-
h - @
(e) f) (g) (h)

= 0 Nodata mmm 1. Forest mmm 2. Shrubland 3. Grassland 4.Cropland  m=m 5. Waetland 6. Lichens and mosses 7.Bareland EEE 8. Bullt-up  EEN 9. Water 10. Permanent Ice and snow

Sentinel-1

Ground Truth

Prediction

Figure17. Visual comparison for the Amazonia region, showing Sentibeduper imagedata (top row), Ground Truth
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(middle row), and predicted patches (bottom row).

Ground Truth Sentinel-1

Prediction

() ' o y th)

3. Grassland a.Cropland = 5. watland 6. Lichens and mosses 7.Bareland mEm 8. Bullt.up EEm 9. Water 10. Permanant Ice and snow

Figurel8. Visual comparison for the Africa region, showii@gntinetl super image data (top row), Ground Truth (middle
row), and predicted patches (bottom row).

Sentinel-1

Ground Truth

Prediction

{a) ’ (B) () te) (f) {g) TS

mmm 0. Nocdata mmm 1. Forest mmm 2. Shrubland 3. Grassland a.Cropland mes 5. watland 6. Lichens and mosses 7.Bareland mmm & Bulltup Emm 9. Water 10. Permanant Ice and snow

Figurel9. Visual comparison for the Siberia region, showing Sentiheduper image data (top row), Ground Truth (middle
row), and predicted patches (bottom row).

In these regions, the Swddnet model achieveOAsof 93.3%, 93.6%, and 97.4%, respectively. The corresponding
confusion matrices are presented in thidgure 20, with each diagonal element indicating tH®A for the
respective class\otably, the results table indicates that the Forest, Grassland, Cropland, and Water classes are
effectively extracted using the leading model across all three study areas.

ForaﬂO.Ul 0.02 0 0 0 0 4] Ferasr 0 001002 0 0 0 4] ans! 0 001 O [4) Q 0 4]

Shrubland - 0.1 | 0.5 0.36 0.03 0 0 001 O o Shrubland - 0.17 013012 0 005 0 0 s Shrubland-0.01 0 001 0 0.31026 0 041
Grassland - 0.04 0.02 0.06 0 0 0 4] Grassland 0.01 0.04 006 0 0.06 0 001 Grassland - 0.02 0 0 003
o s ne
% Cropland - 0.01 0.01 0.13 0 0 0 [d] '—: Cropland- 0.13 0.04 0.08 0 001 0 0 % Cropland-0.01 0 0 o]
2 F-4 k-1
L] © L]
; Wetland - 0.12 0 010,06 0.03 0 0 005 ; Wetland-0.09 0.24 0.24 0.03 0.16 0.2 0 003 . ; Wetland-0.01 0 0 005
3 =2 [ 3
E E [ _
Bareland- 0 0 001 0 0 0 001 Bareland- 0 0.01 0.04 0 0 [PRE} O 0.02 Bareland- 0 0 0 0.01 PirgY0.03 0.21
Builtup-0.04 0 009 0 0 Q 0.01 - Builtup-0.32 0.15 0.18 0.26 0 0 003 0O - Built-up-0.04 0 002 0 001 0 0.01
Water- 0 0 Qo1 0 0 Q 0 Water-0.03 0 001 0 0 019 0 Water- 0 0 0 0 001 0 0
. f . g an . . . . . " ' . s
& & ¢° & A A A e B ) d"} AV P
A A & \* qw & F FF ST S F SFFTET TS
,,v‘) o &S ‘*b‘ g“‘o & & S - & G@s & &
Predicted Labels Predicted Labels Predicted Labels
(a) (b) (c)

Figure20. Normalized confusion matrices derived from the validation set for the regio(e): Amazonia, (b) Africa and (c)
Siberia
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The evaluation of the models on the African dataset indicates that-K&¢dd approaches may have difficulty
differentiating Bareland from classes such as Water or Grassland within SAR ifragéiga, the 3EFCN model

scores 0.77 for Water, but only 0.36 for Bareland, 0.53 for Cropland, and 0.44 for Grassland. The Attbigtion U
framework, on the other hand, achieves a PA of 0.89 for Water, 0.66 for Forest, and 0.55 for Grassland, but only
0.02 for Bareland. In contrast, the Swimet achieves a final&of 0.97 for Forest, 0.83 for Grassland, and 0.93

for Bareland, surpassing the other two models.

The improvement in recognizing Barelanih the SwinUnet modelis evident not only in Africa but also in the
Siberian dataset. Despite representing only 1.04% of the available tiles, Bareland achieves a Pwitif thigs

model, marking a substantial enhancement from the initial values of 0.16 and 0.06 recorded with fR€I8D

and Attention UNet, respectivelyThese outcomes suggest that the transformer model is capable of recognizing
variousLCclasses and tends to make more balanced classifications compared to the other twbaShiN
models, which generally showigh PA only for specific classes like Water. This difference may stem from the
Attention U-Net model's limited ability to generalize, which results in strong classification performance primarily
for classes with easily identifiable spatial patterns or ueigrightness values, such as Water or Forest. However,

it struggles with more complex morphological relationships of specific LC classes like Bareland. Consequently,
the Attention UNet, which depends on localityased attention mechanisms, may find itatlenging to classify
classes that share similar pixel value distributioRegarding the 3IBCN model, its thredimensional logie

based structure does not provide additional benefits when the input data lacks a dense temporal sequence and
instead consists of seasonal synthetic images, referred to as features. In this corBEXENN model, like the
Attention UNet, appears to be sufficient. In contrast, transforntersed models like SwAdnet consider global

pixel relationships, leading to a more acdgrassessment of context and environment. The global attention
mechanisms in these models can help recover this context, which CNNs cannot achieve due to the local nature
of the convolutional kerneFurthermore, the Buitup class showed significant improvement through the Swin

Unet model in Amazonia and Siberia with final values of 0.85 and BPo®2he African region, the value for this
specific class remains poor, likely due to the lower number of representative labels fitrisglodass in this area

(only 0.5%)Another contributing factor could be the small and fragmented nature of urban areas, particularly
when compared to more spatially uniform LC classes like Forest, Grassland, or Cropland. In favor of these latter
classes, the highest confusion is observeemwpredicting Builup, indicating a significant challenge in visually
distinguishing small urban areas from surrounding classes due to their reduced size and scattered appearance.
For Wetland, a high PA of 0.79 is obtained in the Siberiammegihile for the other two areas, the accuracy
remains

Forboth Amazonia and Siberia, RF achieves I@@#&than all three DL approaches. In Africa, RF reaches an OA

of 0.745, slightly exceeding the OA of-BON and Attention Met. However, its Kappa coefficient (0.544) and
F1-Score (0.712) remain lower than those of these DL models.SWierUnet achieves the highest metrics
overall, with an OA of 0.936, a Kappa coefficient of 0.900, and -&téik of 0.932.

Finally, it is important to note that both thBL modelsaand RF, show moderate performance in classifying the
Forestand Water classes. RF records producer accuracies (PA) of 0.51 and 0.18 for these classes in Amazonia,
0.64 for both in Africa, and 0.31 and 0.41 in Siberia, respectively. However, RF struggles significantly with other
classes. In Amazonia, it performs poorly $rublandPA = 0.09)Cropland(PA = 0.07)Bareland(PA = 0), and
Built-up (PA = 0.02). Similar issues arise in Afric&foublandPA = 0.11)Wetland(PA = 0.07), anBuiltup (PA

=0), as well as in Siberia ®inrublandPA = 0)Wetland(PA = 0.0§)andBareland PA = 0). These low PAs suggest

that RF struggles with complex and highly variable LC classes.

3.2.1.4.1 DL SwinUnet Performance Assessment with Ecoregion Classification

Additional experiments were conductddr the best DL modelsing ground truth data organized by ecoregions.
Figure21shows the MOLCA training patches for the Amazon, Africa, and Siberia, divided by climatological zones.
The legend includes a color map and numerical codes for each region.
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(@) (b) (c)

Tropical and Subtropical Moist Broadleaf Forests [l Boreal Forests/Taiga - Flooded Grasslands and Savannas m Deserts and Xeric Shrublands
ropical and Subtropical Dry Broadleaf Forests “/ |Tropical and Subtropical Grasslands, Savannas and Shrublands [Elilf Montane Grasslands and Shrublands m Mangroves
emperate Broadleaf and Mixed Forests . Temperate Grasslands, Savannas and Shrublands 58 Tundra

Figure21. Divisionof the MOLCA patches in the training set based on ecoregions for (2) Amazonia, (b) Africa, and (c) Siberia.

The experiments were designed to incorporatee ecoregionswithin the three study areas. This additional
analysis aims to evaluate the performance of the model when training and testing are done within the same
ecoregion compared to when they are conducted across different ecoregions, with the goal of proddeypea
assessment. The results obtained using the Swiet model are displayed iRigure22 , and are presented in
terms of OA Diagonal elements indicate cases where training and testing are done within the same ecoregion,
while off-diagonal elements represent crogalidation across different ecoregions.
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Figure22. OverallAccuracy OA) matrices derived from various training/test ecoregion pairings for (a) Amazonia, (b) Africa,
and (c) Siberia.

In the Amazoria regionin Figure22(a), the OA is generally higher when both training and testing occur within

the same ecoregion. However, a notable exception arises when Ecoregion 1Ecarefion 9 are used for
training and tested on other ecoregions. The poorer performance in these cases is likely due to the limited
number of tiles in Ecoregion 14 (1 tile) and Ecoregion 9 (4 tiles), restricting the diversity and quantity of training
data. A similar trend is observed in the African regi&ig(re22(b)), where performance is lower when training

on Ecoregion 9 and Ecoregion 10, which contain only 3 and 4 tiles, respectively. This small dataset may be
insufficient for the model to generalize well across more diverse ecorediotise Siberian regior-{gure22(c)),

OA values remain high, surpassing 80% across all combinations. However, the lowest performance is noted when
training on Ecoregion 4 and testing on other ecoregions, even thduggntains just 4 tiles. Despite this, the
Y2RSt Qa I OOdzNy 08 NBYlFAya NBiliA@gSte adlofSE RSY2yaidN
when trained with limited data fronother ecoregions.

3.2.1.4.2 Comparison with Conventional SAR Time Series Analysis

The following analysis presents a comparative evaluatiassifications obtained in the static areas identified in
Phase 1 for Amazonia, Africa, and Siberia either with theifiudl-series dateor just theseasonalThe objective

is to show that the approach based on seasonal SAR features surpassetiventional method of using
multiple temporal SAR images for each season.

For this experiment, twenty temporal images per tile were collected for 2D21 five images per season. This
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process generated datasets containing 1620 S1 images for Amazonia, 1860 for Africa, and 960 for Siberia. Strict
selection criteria ensured that only tiles with complete spatial and temporal coverage were included. As a result,
the final dataset was refinetb 81 MOLCA tiles for Amazonia (reduced from 86), 93 for Africa (down from 103),
and 48 for Siberia (from 64), preserving the data quality for all analyses. The seasonal distribution of the collected
S1 time series is presentedTiablelO.

Tablel0. Seasonal count of S1 imaglem the 2021 time series for Amazonia, Africa and Siberia static area.

Region Platform  Acquisition mode  Product format  Polarization  Resolution  Season®*  Number of images
SlA/SlB W GRDH VH 10 m Winter 405
Amazonia SIA/SIB w GRDH VH 10 m Spring 405
SIA/SIB ™w GRDH VH 10 m Summer 405
SIA/SIB 1w GRDH VH 10 m Autumn 405
SIA/SIB w GRDH VH 10 m Winter 465
Afric: S1A/SIB W GRDH VH 10 m Spring 465
cd SIA/SIB W GRDH VH 10 m Summer 465
S1A/SIB w GRDH VH 10 m Autumn 465
SIB W GRDH VH 10 m Winter 240
Siberia SIB ™w GRDH VH 10 m Spring 240
’ S1B w GRDH VH 10 m Summer 240
SIB W GRDH VH 10 m Autumn 240

*Winter: 01.01 to 03.31Spring 04.01 to 06.30Summer 07.01 to 09.30Autumn: 10.01 to 12.31

Thecomparative study employed the Swidtnet DL model, which demonstrated superior performance among
the three analyzedDL approaches, alongside the RF classifier, ensuring a fair comparison by using identical
training and validation setsThe resultsreported in Table9 and Table 11, reveal a significant reduction in
accuracy when standard tirmgeries imageare used compared to the seasonal features series. These findings
highlight the efficiency and reliability of the synthesized spatial information derived from the features,
establishing it as a superior approach for multitemporal data analysis

Tablell. Results for standard input time series for Amazonia, Africa and Siberia.

Region Model O.A. kappa F1-Score pa; pa, pa; pa, pa pag pa, pag
Amagonia  R@ndom Forest  0.612 0,309 0553 049 009 021 008 018 0 002 016
fazonia Swin-Unet 0903  0.855 0901 092 075 068 067 014 0 075 094
Afi Random Forest  0.743  0.535 0707 061 009 013 0.17 007 070 0 044
ca Swin-Unet 0.872  0.795 0854 095 003 068 016 0 089 027 077
Siberia Random Forest  0.670  0.315 0619 025 000 034 019 008 0 019 030

Swin-Unet 0896  0.817 0.893 0.93 0 044 073 065 057 028 079

*pa: Producer Accuracyt; Forest;2: Shrubland3: Grassland4: Cropland5: Wetland;6: Bareland;7: Builtup; 8: Water.

Specifically,wo significandrawbacks of the traditional timeeries approach emerged:

1 Increased computational demandandling numerous temporal images requires extensive storage and

processing resources.

1 Data limitations Some regions lack sufficient temporal data consistency, hampering detailed studies.
The features series approach provides a significant benefit by condensing temporal dynamics into a single
composite image, known as the super image. This image captures seasonal variations, aftenirsistent
representation while eliminating the need for extra spatial constraints. This method simplifies the workflow,
enhancing coherence and reducing complexity.

3.2.1.5 Comparative Analysis for Water LC Class Recognition between the SwirUnet DL Approach
and SAR Water Detector

To assess the performance of water recognition by the dedicated detsetected in Phase ih comparison

with the DL SwirtNet approach, 10 benchmark areas were selected withérthree static regions of interest.

Each of these ten test areas were chosen to represent water bodies that are most commonly found in these
regions, including rivers, streams, basins, lakes, seas, and other aquatic fedfheediles selected as
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benchmarks for each area are listedlablel2, and are shown ifigure23, to offer a clear geographical context
for each benchmark location.

Tablel2. List of benchmark tiles selected for AmazianAfrica, and Siberia to assess the performance of Bfease water
extractor against the DL Swibdnet approach.

Amazonia Africa Siberia
21LXD 33PUK 41UPU
22KCA 33PVQ 42VVP
22KFB 33PYQ 42WWU
22LGK 34NBG 43WES
22LGP 35NKD 44UNF
22MFA 36NVG 44WNE
22MGD 36NZJ 45VWL
22MHT 36PVB 45WWR
23KMV 37NCG 45XVB
23MNT 37NDJ 46VEK

The selection ensures a diverse and comprehensive evaluation of the detection capabilities in varying
geographical and environmental contexts. Each region presents ucliplienges related to the scale and type
of water bodies, enabling a detailed performance assessment.

18.0-

150

150 180 210 240 270 30.0 330 36.0 39.0 660 690 720 750 780 810 840 870 900 930 96.0

66.0 -63.0 -600 -57.0 -54.0 -51.0 4550 450 -420 -390 -36.0 -33.0

(a) (b) (c)

Figure23. S2tiles selected for evaluating water detection performance in (a) the Amazon, (b) Africa, and (c) Siberia. These
tiles highlight regions with diverse hydrological features, providing a robust basis for performance comparison

For each tile in each area, a representative patch4#x549ixels was selected through visual inspectiothef

optical imagery to identify potential water basins of interest. This approach allowed for a targeted evaluation by
focusing on specific, clearly defined regions within the tiles, enablidgtailed understanding of the detector's
robustness in realvorld conditions, particularly in regions with diverse hydrological features

For water extraction using the dedicated detector, the annual seriSlafata from 2021 was considered for

each tile. The series was subsequently divided into monthly temporal subsets, for which the following temporal
features were calculated: mean, minimum, maximum, and variance. These monthly feature sets served as inputs
to the water extractor, which generates binary monthly water maps (where pixel values are O faratenand

1 for water).

The water extraction is an unsupervised routine introducefl 8}, utilizing a Kmeans clustering approach. This
procedure differentiates areas with low backscatter and low variance along the temporal series (characteristic
of water bodies) from other potential regions of interest. The final water map is derived fresetmonthly

water maps, following the methodology described in the deliverable AADR] particularly in the section titled
"8.2.2.2 Water Dynamics Analysis: Seasonal vs. Permanent Water Identification."

The monthly aggregation of statistical measures such as mean and variance helps capture the temporal dynamics
of water bodies, which may fluctuate due to seasonal changes or hydrological events. The reliarteamsK
clustering makes this method adaptabto diverse regions without requiring labeled data, enhancing its
applicability for largescale studiesConcerning theifial water map, b synthesizingnonthly maps, the process
distinguishes between seasonal and permanent water, providing a comprehensive view of water dynamics over
the year.

To refine the final water map, a masking operation was applied to address desert areas or regions with strong
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similarities to water due to their dominant backscattering mechanisms. Specifically, water areas identified by the
detector that belong to desert or bare soil classascording to coarser resolution land cover maps, such as the
Copernicus Land Cover Map at 100 m spatial resoluti@ne excluded.This refinement step enhances the
accuracy of the water map by reducing false positives, particularly in arid oras@hiegions where surface
characteristics can mimic water signatures in satellite imagery.

The classification of water bodies using the SWiret approachis insteadperformed by utilizing the models
trained in thepreviousexperiments. Seasonal spatial feature sets were computed and used as input for the Swin
Unet DL framework. These features capture the temporal variability and spatial characteristics of water bodies,
enabling the model to account for seasonal changes atebdistinguish water from other land cover types.

To compare the water recognition performance of the two methodologies, the permanent and seasonal water
classes from the water map generated by the dedicated extractor were merged into a single "water" class. This
aggregation resulted in a binary map wheaigel values of O represent "nemater" areas, and pixel values of 1
represent "water" areasThis simplification was necessary because the MOLCA dataset, used for trairidg the
approach, does not include seasonal information in its LC claSsesernig the DL maps, regions encompassing
various land surface types, such as forests, urban areas, agricultural fields, deserts, and other terrains that do
not exhibit hydrological characteristicsuch as low backscatter or high reflectiyityeregrouped into the non

water land cover category. These areas are uniformly assigned a value of 0, distinctly separating them from water
classesThis aggregation simplifies the classification process by consolidating diversgatemtypes into a
singular, cohesive category. Such an approach streamlines data analysis, enhancing the ability to compare and
evaluate waterdetection results against #se nonwater regions.

The classification results and the visual comparison are presentddgime 24, Figure 25 and Figure 26,
corresponding to the Amazonia, Africa, and Siberia, respectively. For each region, four representative S2 tiles
were selected as examples. The water maps derived from the dedicated extractor and the BUnBtin
approach were evaluated by comparing thegainst two reference datasets: the ESRI optical basemap, which
provides higkresolution visual reference imagery, and the super image calculated from the seasonal S1 temporal
series, which aggregates backscatter data to highlight hydrological patternsioes

Water detected $1 Super Image ESRI reference

DL Swin-Unet water

(a) (d)

Figure24. Visual assessment for the Amazonia region comparing (first rtve) ESRI reference image, (second row) the S1
seasonal super image, (third row) the water map derived from the dedicated extractor, and (fourth row) the water land
cover classes from the DL Swlimet classification. The comparison is presented for patchas549x549 pixel size,
corresponding to the following S2 tiles: (2LLXD (b)22KCA(c)22MFA and (d)23MNT.
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Water detected $1 Super Image ESRI reference

DL Swin-Unet water

(a) (b) (c) (d)

Figure25. Visual assessment for the Africa region comparing (first row) the ESRI reference image, (second row) the S1
seasonal super image, (third row) the water map derived from the dedicated extractor, and (fourth row) the water land
cover classes from the DBwinUnet classification. The comparisois presented for patches 0649x549pixel size,
corresponding to the following S2 tiles: (a) 34NBG, (b) 35NKD, (c) 36NVG, and (d).36PVB

Water detected $1 Super Image ESRI reference

DL Swin-Unet water

Figure26. Visual assessment for the Siberia region comparing (first row) the ESRI reference image, (second row) the S1
seasonal super image, (third row) the water map derived from the dedicated extractor, and (fourth row) the water land
cover classes from the DLw#-Unet classification. The comparison is presented for patches5dBx549pixel size,
corresponding to the following S2 tiles: (dRWWU (b)43WES(c)44WNE and (d)45XVB
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This multifaceted comparison highlights the differences in water detection performance, accounting for the
strengths and limitations of the two methodologies. In themazoniaregion, for example, examinirfgigure24
and column (a), it is evident that the DL approach can identify water bodies not detected by the dedicated
extractor. Conversely, column (c) demonstrates a limitation of the ®imiet network: half of a lake within the
examined patch is not classified water, whereas the dedicated extractor's output map successfully identifies
the entire lake Similar observations can be made for the Africa and Siberia regions, as shown in the respective
figures Figure 25 and Figure 26). In these cases, the DL approach and the dedicated extractor exhibit
complementary strengths, with the former excelling in identifying smaller or less prominent water features, and
the latter showing greater reliability in capturing larger, more stabéerbodies.
To complement the evaluation, a thorough quantitative analysis is introduced, providing a numerical framework
to validate and expand upon the insights gained from the earlier qualitative assessBev@ral metrics are
considered, includin@APrecision, Recall, FRcore, and Producer Accuracy (pa) for both-n@ter 10 ) and
water classes|® ). These metrics provide complementary insights into different aspects of model performance:
1 OAIs used toassess the proportion of correctly classified pixels across the entire dataset, giving a
general view of model effectiveness.
1 Precisionmeasures the accuracy of water detection, indicating the proportion of true water pixels
among all those classified as water. This helps to understand how well false positives are minimized.
1 Recallevaluates the ability of the model to identify all water pixels, reflecting how many true water
features are correctly detected.
1 F1Scoreoffers a balanced measure of Precision and Recall, particularly useful when there is an
imbalance between water and nemater classes in the dataset.
These metrics were computed for each test area (Amazonia, Africa, Siberia) to allow both regional and
aggregated comparisons between the water detection methodologies. The analgpisrted in Table 13,
highlights not only the overall reliability of each method but also their strengths and weaknesses in capturing
diverse hydrological patterns under varying environmental conditidiie ESA WorldCover map, with its 10
meter spatial resolution, was utilized as the validation dataset to assess the performance of the water detection
approaches. This dataset provides a globally consistentqregdiution land cover classification, engilg a
reliable comparison between detected water bodies and the grounchtimformation.
Table13. Overall Accuracy (OA), PrecisioRecall F:Score, and Producer Accuracpaj for the evaluatedapproaches
across different regions.

Region Model OA Precision Recall F1-Score pag pa;
Amazonia Watgr extractor 0.96 0.97 0.96 0.96 98.06 90.40
Swin-Unet DL 0.97 0.97 0.97 0.97 96.56 91.81
Africa Water extractor 0.94 0.95 0.94 0.94 94.62 89.35
Swin-Unet DL 0.80 0.90 0.80 0.80 99.47 63.65
Siberia Water extractor 0.85 0.91 0.85 0.87 87.77 66.86

Swin-Unet DL 0.92 0.95 0.92 0.93 93.31 90.51

*pa: Producer Accurac®; NonWater; 1: Water.

In Table13, the performance in Amazonia shows that both the water extractor and the -Swat DL model
exhibit high accuracy. The OA values are 0.96% for the water extractor and 0.97% fam8WwibL, indicating
strong performance for both methods. The Precision,dReand FiScore metrics are also very close, ranging
from 0.96% to 0.97% for both models. For Producer Accurady the performance for nomvater areas fc )

is higher with the water extractor at 98.06%, compared to 96.56% for-Bwat DL. However, for the water class
(N®), SwinUnet DL outperforms the water extractor, achieving 91.81%, compared to 90.40% for the latter. This
suggests that while both models perform similarly in most aspects, the water extractor has a slight edge in
correctly identifying norwater areas, whe SwinUnet DLslightlyexcels in detecting water bodies in Amazonia.

In Africa, as seen in Table 8, the wadsttractor outperforms Switnet DL in several key metrics. The OA is
significantly higher for the water extractor (0.94%) compared to Swiat DL (0.80%). Similarly, the $dore of

the water extractor (0.94) is considerably better than SWwimet DL (0.8%). This suggests that the water
extractor is more effective in overall classification performance in Afticaking at the Producer Accuracy @
values, SwitUnet DL performs better in detecting nawater areasrj ¢, with a value of 99.47%, compared to
94.62% for the water extractor. However, for water areasiy, the water extractor significantly outperforms
SwinUnet DL, with a) ¢of 89.35% compared to 63.65% for Swinet DL. This disparity indicates that Swin
Unet DL struggles more with identifying water bodies in the complex and diverse African landscape, while the
water extractor is more proficient in detecting water featuraghis region.
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For the Siberia region, Switnet DL shows better overall performance compared to the water extractorOFhe

for SwinUnet DL is 0.92%, surpassing the water extractor's OA of 0.85%. Similarly;SherEXor SwitUnet

DL (0.93%) outperforms the water extractor (0.87%). These metrics highlightU8edirDL's stronger overall
classification performance in Siberiln terms of water class recognition, Sviimet DL also significantly
outperforms the water extractor in terms of Producer Accuracy for watér), with a value of 90.51% compared

to 66.86%. This indicates that Swimet DL is more adept at recognizing water bodies in the Siberian landscape.
However, for noavater class recognitiom(o ), the water extractor has a slight edge with a value of 87.77%,
while SwinUnet DL achieves 93.31%. This suggests that whilel@wdhDL excels in identifying water bodies,
the water extractor performs slightly better at distinguishing nwater areas.

The corresponding confusion matrices for the models' performance in the Amazonia, Africa, and Siberia regions
are presented in thé&igure27.

Amazonia Africa Siberia

0
0
0

Water Extractor

Reference
Reference
Reference

90.40

1
1
1

Predicted Predicted Predicted

98.06

0
0

Swin-Unet DL

Reference
Reference
Reference

1
1

0 1 [} 1 0 1
+ Predicted Predicted Predicted

Figure27. Confusion matrices for théfirst row) water extractor and(second row)SwinUnet DL approach across regions
of (first column) Amazonia, (second column) Africa, and (third column) Siberia.

In conclusion, the water extractor typically offers a more consistent and balanced performance across all regions.
It performs particularly well in Africa, where it demonstrates strong water detection capabilities, even within
complex landscapes. In consta SwinUnet DL shows more variability, excelling in Amazonia and Siberia, but
struggling in Africa due to the region's complex land cover and seasonal dynamics. This indicates thait while
models such as Swidnet DL perform well in simpler or less dynamic environments, they may face challenges in
regions with significant seasonal changes and diverse land cover types.

Furthermore, it is important to emphasize that the water extraeb@sed approach allows for the identification

of seasonal variations in water bodies, unlike the DL network, which requires a reference dataset where the
water land cover class is alreadypseated based on seasonalitfhis makes the water extractor more feasible

for use in the final SAR production chain, as it is capable of handling seasonal variations and land cover
complexities more effectively than models like Swinet DL. Given that th water extractor can operate
independently of prdabeled seasonal datasets, it offers a more flexible and robust solution, particularly in
environments where seasonal dynamics play a crucial role in water detection. This adaptability makes it a
practicalchoice for largescale operational applications, where data consistency and continuous performance
are key.

3.2.1.6 Comparative Analysis for Built -up LC Class Recognition between the SwidJnet DL Approach
and UEXT Detector

A similar analysis was conducted to compare the performance ofiquiland class recognition using thieban
EXTenfUEXTmodule andDLclassification based on the Swimet network. For this analysis, a test astewn
in Figure28, was identified in Siberia, specifically in the S2 45UVB tile, where-pipenines were incorrectly
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classified as builtip areas in the final product of Phase 1 of the CCIl+ project. The aim is to assess whether the
DLapproach can resolve this issue and improve classification accuracy in such cases. Given the lack of an accurate
urban reference dataset for this region, particularly one that is sufficiently distributed to cover the unique
landscape features and urban fperns, only a visual comparison is presented in this section. This visual
comparison helps identify the potential advantage®dafn disinguishing between buHtip areas and nomirban

land uses, such as opgit mining, which may be misclassified due to their structural similarities to-bpilt

regions. The analysis also highlights how well Syviat can adapt to these complex, mixed lacalses compared

to traditional methods like the UEXT module.

Figure28- Openpit mining site(in red)located in Siberia, within the S2 tile 45U\B blue), used for comparing buittp
land class recognition performance between the UEXT module and the S®imiet DL classification approach.

The urban map was generated using the dedicated UEXT module, as describedPimatiee IATDB[AD1]
leveraging the S1 time series for the year 2021. Similarly, for the same year, the LC map was derived using the
DL SwirJnet approach, from which the builtp land class of interest was extracté&kegarding the DL approach,

the classification was executed by segmenting the input data into patches with dimensions of 549x549 pixels. To
address potential inaccuracies at the patch boundaries, an overlay of 10% was applied between adjacent patches.
This overlap strategy reduces edge effects, ensuring smoother transitions and improving classification
coherence.

The generated patchvise outputs were subsequently merged using@saickingrocess to create a continuous
classification map covering the entire area of interest. This integration step not only consolidates the individual
outputs but alsoaddresses inconsistencies that may arise due to variations in local feature distributions. By
combining overlapping regions, the approach enhances the overall spatial accuracy and ensures that all regions,
including boundaries, are classified with minirdacrepancies.

Additionally, the methodology leverages the advantages of a pbhasfed workflow, such as scalability for large
datasets and computational efficiency. This structured approach is particularly beneficial for extensive or
heterogeneous regions, where variatis in land cover types or topographic features might otherwise challenge

the classification process. The resulting final map provides a detailedrdsghution representation of the area,
suitable for downstream analysis and validation.

The figure presents a performance comparison of these two results: one obtained via the UEXT module and the
other using the DL approach. To ensure a comprehensive evaluation, the optical ESRI reference map and the S1
super image are also included in theadysis. The inclusion of these references provides additional context for
assessing the consistency and accuracy of the-bpiltlass identification.





































































